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Abstract

Text detection and recognition (TDR) in highly structured environments with a clean background
and consistent fonts (e.g., office documents, postal addresses and bank cheque) is a well under-
stood problem (i.e., OCR), however this is not the case for unstructured environments. The main
objective for scene text detection is to locate text within images captured in the wild. For scene
text recognition, the techniques map each detected or cropped word image into string. Nowadays,
convolutional neural networks (CNNs) and Recurrent Neural Networks (RNN) deep learning ar-
chitectures dominate most of the recent state-of-the-art (SOTA) scene TDR methods. Most of the
reported respective accuracies of current SOTA TDR methods are in the range of 80% to 90%
on benchmark datasets with regular and clear text instances. However, those detecting and/or
recognizing results drastically deteriorate ~ 10% and ~ 30% - in terms of F-measure detection

and word recognition accuracy performances with irregular or occluded text images.

Transformers and their variations are new deep learning architectures that mitigate the above-
mentioned issues for CNN and RNN-based pipelines. Unlike Recurrent Neural Networks (RNNs),
transformers are models that learn how to encode and decode data by looking not only backward
but also forward in order to extract relevant information from a whole sequence. This thesis uti-
lizes the transformer architecture to address the irregular (multi-oriented and arbitrarily shaped)

and occluded text challenges in the wild images. Our main contributions are as follows:

(1) We first targeted solving the irregular TDR in two separate architectures as follows:

e In Chapter 4, unlike the SOTA text detection frameworks that have complex pipelines
and use many hand-designed components and post-processing stages, we design a con-
ceptually more straightforward and trainable end-to-end architecture of transformer-based
detector for multi-oriented scene text detection, which can directly predict the set of de-
tections (i.e., text and box regions) of the input image. A central contribution to our work
is introducing a loss function tailored to the rotated text detection problem that leverages
a rotated version of a generalized intersection over union score to capture the rotated text
instances adequately.

e In Chapter 5, we extend our previous architecture to arbitrary shaped scene text detection.
We design a new text detection technique that aims to better infer n-vertices of a polygon
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or the degree of a Bezier curve to represent irregular-text instances. We also propose a
loss function that combines a generalized-split-intersection-over union loss defined over
the piece-wise polygons.

In Chapter 6, we show that our transformer-based architecture without rectifying the in-
put curved text instances is more suitable than SOTA RNN-based frameworks equipped
with rectification modules for irregular text recognition in the wild images. Our main
contribution to this chapter is leveraging a 2D Learnable Sinusoidal frequencies Positional
Encoding (2LSPE) with a modified feed-forward neural network to better encode the 2D
spatial dependencies of characters in the irregular text instances.

Since TDR tasks encounter the same challenging problems (e.g., irregular text, illumi-
nation variations, low-resolution text, etc.), we present a new transformer model that can
detect and recognize individual characters of text instances in an end-to-end manner. Read-
ing individual characters later makes a robust occlusion and arbitrarily shaped text spotting
model without needing polygon annotation or multiple stages of detection and recognition
modules used in SOTA text spotting architectures.

In Chapter 7, unlike SOTA methods that combine two different pipelines of detection
and recognition modules for a complete text reading, we utilize our text detection frame-
work by leveraging a recent transformer-based technique, namely Deformable Patch-based
Transformer (DPT), as a feature extracting backbone, to robustly read the class and box
coordinates of irregular characters in the wild images.

Finally, we address the occlusion problem by using a multi-task end-to-end scene text
spotting framework.

In Chapter 8, we leverage a recent transformer-based framework in deep learning, namely
Masked Auto Encoder (MAE), as a backbone for scene text recognition and end-to-end
scene text spotting pipelines to overcome the partial occlusion limitation. We design a new
multitask End-to-End transformer network that directly outputs characters, word instances,
and their bounding box representations, saving the computational overhead as it eliminates
multiple processing steps. The unified proposed framework can also detect and recognize

arbitrarily shaped text instances without using polygon annotations.
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Chapter 1

Introduction

Text is a vital tool for communications and plays an important role in our lives. It can be em-
bedded into documents or scenes as a mean of conveying information [12-14]. Identifying text
can be considered as a main building block for a variety of computer vision-based applications,
such as robotics [15, 16], industrial automation [17], image search [18, 19], instant translation
[20, 21], automotive assistance [22] and analysis of sport videos [23]. Generally, the area of
text identi cation can be categorized into two main categories: (1) identifying textahned
printed documentand (2) text captured in daily scenes (e.g., images with arbitrarily rotated or
distorted text captured on urban, rural, highway, indoor / outdoor of buildings, and subject to var-
lous geometric distortions, illumination and environmental conditions), where the latter is called
text in the wildor scene textFigure 1.1 illustrates examples of these two types of text-images.
For identifying text of scanned printed documents, Optical Character Recognition (OCR) meth-
ods have been widely used [12, 24-26], and have achieved superior performances for reading
printed documents with satisfactory resolution; However, these traditional OCR methods face
many complex challenges when detecting and recognizing text in the wild [12, 13, 27]. The

challenges of detecting and/or recognizing text in images captured in the wild can be categorized



as follows:

Text diversity: text can exist in a wide variety of colors, fonts, orientations and languages.
Scene complexity:scene elements contain text on signs, bricks and symbols.

Distortion factors: text is subjected to the effect of image distortion due to several con-
tributing factors such as surface geometry, perspective view, motion blurriness, insuf cient
camera resolution, capturing angle and partial occlusion [12, 14].

Irregular text: refers to the text with arbitrary shapes that usually have sever orientation
and curvature.

Occlusion: text instances are sometimes in situations where an external object/illumination

blocks a portion of some characters or when a part of a character is missing.

In the literature, many techniques have been proposed to address the challenges of scene text
detection and/or recognition. These schemes can be categorizethsgal machine learning-
based as in [28—40], andleep learning-baseds in [41-67], approaches. A classical approach
is often based on combining a feature extraction technique with a machine learning model to

, 69]

achieved good performance on detecting or recognizing horizontal text [12, 14], they rely on

detect or recognize text in scene images [31, 68, 69]. Although some of these methods |

designing hand-crafted features, which limit their performances to handling arbitrarily shaped
text instances. these methods typically fail to handle images that contains multi-oriented or
curved text [13, 14]. On the other hand, deep-learning based methods have shown effectiveness

in detecting and/or recognizing text in adverse situations [13, 46, 57, 67].

1.1 Problem De nition and Challenges

Recent scene text detection and recognition methods have utilized DCNN [9, 10, 73, 74] and

RNN frameworks [6, 75], and have achieved promising performances on various challenging



Figure 1.1: Examples for two main types of text in images: text in a printed document (left
column) and text captured in the wild (right column), where sample images are from the public
datasets in [70-72].

benchmark datasets | —38]. However, there are two signi cant issues that still require

more careful studies, which can be summarized as follows:

Irregular Text: although recent methods [4, 46, 54, 57, 58, 89-92] have tried to detect
irregular-text, there are still several drawbacks to these methods: (a) the resulted bounding
boxes do not minimally encapsulate the text well, and (b) they require a complicated ar-
chitecture with multiple stages of post-processing. The existing state-of-the-art scene text
recognition methods [27, 6367, 93-95] also perform well when the text in an image is
horizontal or nearly horizontal but they fail to correctly recognize the text when text is in
arbitrary shapes or geometrically distorted

Occluded Text: Existing methods in scene text detection and recognition rely on the

visibility of the target characters in images, however, text affected by heavy occlusion



may signi cantly undermine the performance of these methods [27, 57, 58, 67]. This
failure is often due to the features generated by the current CNNs architectures that have
limited robustness to occlusion. This opens the possibilities to either improve the feature

extractors and/or the learning models to better handle these sever occlusions.

1.2 Objectives of Thesis

In order to address the problems mentioned above, the objectives of this thesis can be summarized

as follows:

The rst goal of this thesis is to design a transformer-based architecture [96] with spatial
transformation [97] in order to detect and recognize irregular text in the wild images.

In this proposal, we introduce a new architecture that is able to detect multi-oriented or
curved text, encapsulated by quadrilateral boxes or Bezier curve representation, which
will overcome the drawbacks of directly deploying a general text detector as in [96] for
the scene text detection task. In addition, we aim to simplify the current RNN based scene
text recognition architectures [27, 64, 65, 67] by leveraging the transformer [98], and study
the effect of the spatial recti cation module on the overall recognition accuracy.

The second goal of this thesis is to propose a direction to allow future techniques to over-
come the occlusion limitation by unifying the masked autoencoders [7] with our end-to-
end transformer-based text detection and recognition framework. The proposed pipeline
can localize the occluders and subsequently focus on the non-occluded characters of the

text to make a robust text detection/recognition.



1.3 Contributions

Our main goal in this research work is to design a transformer-based architecture [1, 96] in order
to detect and recognize irregular and/or occluded text in the wild images. In order to address the
problems mentioned above, the rationale and contributions of this research can be summarized

as follows:

1.3.1 Transformer for Scene Text Detection

Rationale: Current scene text detection methods cast text detection as an object detection prob-
lem, and their framework is mostly inherited from object detection algorithms. In object detec-
tion problems, the goal is to classify all the boxes in the images. Object-detection is a challenging
input-to-output mapping problem. This abstract mathematical problem is modeled as a Machine
Learning (ML) problem. The ML problem by itself is a proxy, and the speci cation of it in-
volves introducing new assumptions and approximations. The choices that are made introduce
new sub-problems that require solving these new sub-problems, such as: (1) Too many boxes,
(2) classi cation rule is unde ned, (3) redundant outputs, and (4) foreground-background imbal-

ance. However, more extensive changes may involve rethinking the machine-learning problem.

One of these types of researches is Detection using a transformer (DETR) [96], which has
used different kinds of fundamental substrates. The essential advantage of using a transformer
in detection is the using of an element relation modeling mechanism [99]. For this purpose, the
transformer uses a set of object queries, which are learned vectors; they interact with each other
and with the image features inside the transformer decoder. What differentiates these queries
from the classical approach is that they do not have a prior geometric meaning. The category
and box are predicted from each query taken from the model without applying a classical non-

maximum suppression algorithm. Because the model predicts the output-set directly rather than

5



de ning a classi cation and regression problem on quantized boxes, it avoids label assignment

heuristics issues.

By using a transformer for scene text detection: the encoder's multi-head self-attention during
training learns how to separate individual words in the scene image by performing the global
computations. Also, the decoder typically learns how to attend to different part of characters
in the words by using different learnable vectors (so called object queries). After training, the
last layer of the decoder is capable of directly predicting the set of detections with an absolute
bounding box eliminating the use of any hand-designed components and post-processing like

anchor design and non-max suppression [46, 48, 58, 90].

Contribution: Unlike the baseline transformer-based method in [96] that only generates rectan-
gular bounding boxes for detected objects, and therefore, is not designed for handling arbitrary
shape detection; we propose a new architecture that is able to detect multi-oriented (Chapter 4)
and irregular text by leveraging a prediction head with a polygon or Bezier curve representation
(Chapter 5). Thus, our method is more suited to the scene text detection task as it predicts for
each text region 20 or 16 control points of a polygon box or a Bezier curve, respectively, which
will overcome the drawbacks of directly deploying a general object detector as in [96] that pre-
dicts only 4 points of every rectangular box. We also leverage a loss function that better manages

the changes in scales and aspect ratios of the detected text regions.

1.3.2 Transformer for Scene Text Recognition

Rationale: Recent recognition methods are mainly based on the combination of a convolutional
neural network (CNN) as a feature extractor, with a Recurrent Neural Networks (RNNs) for
capturing sequential dependency and producing sequence of characters. The existing RNN-

based methods [27, 63-67, 93-95] perform well when the text in an image is horizontal or nearly



horizontal but they fail to correctly recognize the text when text is in arbitrary shapes or distorted.
The main reason for failures is that RNN-based methods require converted one-dimensional (1D)
features and are not designed for recognizing irregular-text instances due to losing the spatial
information within two-dimensional (2D) images. Some methods have tried to mitigate the high
curvature recognition problem using a recti cation module [11] by rst rectifying the input image
into a normalized image, and then treating recognition as a sequence prediction task. However,
recti cation causes errors in character recognition due to distortion perspective especially in

severe curvature or vertical word images.

Different from RNN based sequence-to-sequence model, the transformer adopts global at-
tention to encode and decode characters inside the text image using a look ahead strategy that
does not consider the order of pixels. Transformers have been widely applied to problems with
sequential data. Based on the idea that a scene image can be treated as a sequence of charac-
ters, we follow the original transformer [1] to design a scene text recognition model in order to

recognize the sequence of characters in the image autoregressively.

Contribution: We also utilize a transformer for scene text recognition with some modi cation

to its framework without using any recti cation module. For this purpose, we leverage a 2D
Learnable Sinusoidal Positional Encoding (2LSPE), in which the frequencies are learned, for
scene text recognition. The proposed framework better captures the 2D spatial information of
irregular-text characters via text-alignment in the image (Chapter 6). We also propose a new feed-
forward-network layer in the encoder module to make it more robust to capturing the features
generated by the encoder’s self-attention mechanism. In addition, we aim to simplify the current
RNN based scene text recognition architectures [27, 64, 65, 67] by leveraging a transformer [98],

and study the effect of the spatial recti cation module on the overall recognition accuracy.



1.3.3 End-to-End Scene Text Detection and Recognition

For a complete text reading, simultaneous text detection and recognition is required. Since text
detection and recognition tasks encounter the same challenging problems (e.g., irregular text,
illumination variations, low resolution text, etc.), we present a new end-to-end transformer that
can detect and recognize text in the image at the same time. Unlike step-wise detection and
recognition, the end-to-end framework will improve the overall speed by eliminating multiple
processing steps. Further, the proposed end-to-end transformer offers higher accuracy than pre-

vious end-to-end CNN-based approaches [60, ] (Chapter 7).

1.3.4 Masking Auto-encoders for Occlusion Handling

Since we can view the occluded text as a problem in where its elements are masked, one way
to tackle the challenging occluded text problem is to use a masking approach by masking a
large portion of the given input during training and reconstructing the missing pixels. Using
this approach, we can increase the generalization capability of a given classi er by being able to
tackle unseen scenarios. For this purpose, inspired by Masked Autoencoders (MAE) [7], we rst
leverage a ne-tuned MAE as a backbone to extract more semantic features in a new end-to-end
scene text spotting framework. We propose a new multi-task prediction head and loss function
that can directly output the class and bounding box coordinates of characters and the bounding

box information of arbitrarily shaped word instances (Chapter 8).



Chapter 2

Literature Review

During the past decade, many techniques have been proposed for reading text in images captured
in the wild [43, 47, 64, 69, 77]. The process of interpreting text from images can be divided into
two serial tasks, namel{ext detectiorandtext recognitiortasks. As shown in Fig. 2.1, text de-
tection aims detecting or localizing text regions from images. On the other hand, text recognition
task only focuses on the process of converting the detected text regions into computer-readable
and editable characters, words, or text-line. In this chapter [101, ], the conventional and

recent algorithms for text detection and recognition will be discussed.

2.1 Text Detection

As illustrated in Figure 2.2, scene text detection methods can be categorizetbsgiral ma-
chine learning-based?9, 31-33, 41, 69, 80, —117] adeep learning-basef'4-51, 53,
] methods. In this section, we will review the methods related to each of these

categories.



Figure 2.1. General schematic diagram of scene text detection and recognition, where sample
image is from the public dataset in [119].

Figure 2.2: General taxonomy for the various text detection approaches.

2.1.1 Classical Machine Learning-based Methods

Traditional methods for scene text detection can be categorized into two main approaches, namely,
sliding-windowandconnected-componehased approaches. $tiding window-based methods

such as [28-33], a given test image is used to construct an image pyramid to be scanned over all
the possible text locations and scales by using a sliding window of certain size. Then, a certain

type of image features (such as histogram of oriented gradients (HOG) [120] as in [31, , )
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are obtained from each window and classi ed by a classical classi er (such as random ferns [123]

as in [31]) to detect text in each window.

Connected-component based methaidsto extract image regions of similar properties (such
as color [34-38, ], and corner points [124]) to create candidate components that can be cat-
egorized into text or non-text class by using a traditional classi er (such as SVM [107] and
Random Forest [30]). These methods detect characters of a given image and then combine the
extracted characters into a word [69, , : ] or a text-line [125]. However, the classical-
machine learning-based methods [33, 69, ] perform poorly on some challenging cases like
low-contrast images, compact characters and they require complicated rule-based techniques to

generalize well on different arbitrarily shaped text instances [126].

2.1.2 Deep Learning-based Methods

The emergence of deep learning [127] has changed the way researchers approached the text
detection task and has enlarged the scope of research in this eld by far. Since deep learning-
based techniques have many advantageous over the classical machine learning-based ones (such
as faster and simpler pipeline [128], detecting text of various aspect ratios [118], and offering
the ability to be trained better on synthetic data [43]) they have been widely used [49, 50, ].
Table 2.1 summarizes a comparison among some of the current state-of-the-art techniques in this
eld.

Recent deep learning-based text detection methods [45-49, 61, ] inspired by object de-
tection pipelines [3, 9, 10, 73, 74] can be categorized bdonding-box basedegmentation-
basedand hybrid approaches as illustrated in Figure 2.Bounding-box based methofts
text-detection [44-49, ] regard text as an object and aim to predict the candidate bound-
ing boxes directly. For example, TextBoxes in [47] modi ed the single-shot descriptor (SSD)

[10] kernels by applying long default anchors and lters to handle the signi cant variation of as-
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Table 2.1: Deep learning text detection methods, where W: Word, T: Text-line, C: Character, D:
Detection, R: Recognition, RB: Region-proposal-based, SB: Segmentation-based, ST: Synthetic
Text, IC15: ICDARL15, IC13: ICDAR13, M500: MSRA-TD500, IC17: ICDAR17MLT, and the

rest of the abbreviations used in this table are presented in the list of abbreviation.

. IF Neural Network DetectidBhallenges Model Training Datasets

Method Yeal BB SB Hy Architecture BackboneTarget Quad CurvggskCOde Name First-Stage Fine-Tune
Jaderberet al[44] 2014 — - CNN - w - - DR - DSOL  MJSynth -
Huangetal.[41] 2014 - - CNN - W - - D - RSTD - IC11 or IC15
Tianet al. [45] 2016 3 - Faster R-CNN VGG-16 TW - - D3 CTPN PD IC13
Zhangetal.[50] 2016 - 3 FCN VGG-16 W 3 - D 3 MOTD - IC13, IC15 or M500
Yaoetal. [51] 2016 - 3 FCN VGG-16 W 3 - D 3 STDH - IC13, IC15 or M500
Shietal.[118] 20173 - SSD VGG-16 CW 3 - D 3 SegLink ST IC13, IC15 or M500
Heetal.[130]. 2017 - 3 SSD VGG-16 W 3 - D 3 SSTD - IC13 or IC15
Huetal. [131] 2017 - 3 FCN VGG-16 cC 3 - D - Wordsup ST IC15 or COCO
Zhouetal.[46] 2017 3 - FCN VGG-16 WT 3 - D 3 EAST - IC15*, COCO or M500
Heetal.[129] 20173 - DenseBox - WT 3 - D - DDR - IC13,1C15 & PD
Maet al. [49] 20183 - Faster R-CNN VGG-16 W 3 - D 3 RRPN  M500 IC13 or IC15
Jiangetal.[132] 20183 - Faster R-CNN VGG-16 w 3 - D 3 R2CNN IC15&PD -
Longetal.[53] 2018 - 3 U-Net VGG-16 W 3 3 D 3 TextSnake ST IC15, M500, TOT or CTW
Liaoetal.[48] 2018 3 - SSD VGG-16 W 3 — D,R 3 TextBoxes++ ST IC15
Heetal.[61] 2018 - 3 FCN PVA CW 3 D,R3 E2ET ST IC13 orIC15
Lyu et al. [59] 2018 - 3 Mask-RCNN ResNet-50 W 3 - D,R3 MTSpotter ST IC13, IC15 or TOT
Liaoetal.[133] 20183 - SSD VGG-16 W 3 - D 3 RRD ST IC13, I1C15, COCO or M500
Lyuetal.[134] 2018 — 3 FCN VGG-16 W 3 - D 3 MOSTD ST IC13 or IC15
Denget al*[54] 2018 3 - FCN VGG-16 w 3 - D 3 Pixellink* IC15 IC13, IC15* or M500
Liu et al[60] 20183 - CNN ResNet-50 W 3 - DR3 FOTS ST IC13,IC15 or IC17
Baeketal*[57] 2019 - 3 U-Net VGG-16 CW,T 3 3 D 3 CRAFT* ST IC13, IC15* or IC17
Wanget al*[4] 2019 - 3 FPEM+FFM ResNet-18 W 3 3 D 3 PAN* ST 1C15*, M500, TOT or CTW
Liu et al*[58] 2019 - - 3 Mask-RCNN ResNet-50 W 3 3 D 3 PMTD* IC17 IC13 or IC15*
Xu etal.[135] 2019 - 3 FCN VGG-16 W 3 3 D 3 Texteld ST IC15, M500, TOT or CTW
Liu et al* [90] 2019 - 3 Mask-RCNN ResNet-101 W 3 3 D 3 MB* ST 1C15%, 1IC17 or M500
Wangetal*[89] 2019 - 3 FPN ResNet W 3 3 D 3 PSENet* IC17 IC13 or IC15*

Note: * The method has been considered for evaluation.

pect ratios within text instances. With considering that scene text generally appears in arbitrary
shapes, several works have tried to improve the performance of detecting multi-orientated text
[46, 48, 49, , ]. For instance, ldeal. [129] proposed a multi-oriented text detection
based on direct regression to generate arbitrary quadrilaterals text by calculating offsets between
every point of text region and vertex coordinates. Later, latal. [48] extended TextBoxes to
TextBoxes++ by improving the network structure and the training process. Textboxes++ replaced
the rectangle bounding boxes of text to quadrilateral to detect arbitrary-oriented text. Although
bounding-box based methods [46-49, ] have simple architecture, they require complex an-

chor design, hard to tune during training, and may fail to deal with detecting curved text.
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Figure 2.3: Semantic vs. instance segmentation. Ground-truth annotations for (a) semantic
segmentation, where very close characters are linked together, and (b) instance segmentation.
The image comes from the public dataset in [32]. Note, this gure is best viewed in color format.

Segmentation-based methadgd50-56, 58] cast text detection asamantic segmentation
problem which aim to classify text regions in images at the pixel level as shown in Fig. 2.3(a).
These methods, rst extract text blocks from the segmentation map generated by a FCN [3]
or mask regional-convolutional neural network (Mask R-CNN) [74], and then obtain bounding
boxes of the text by post-processing. Although these segmentation-based methods [50, 51] per-
form well on rotated and irregular text, they might fail to accurately separate the adjacent-word
instances that tend to connect. To address the problem of linked neighbour characters, Pixellinks
[54] leveraged 8-directional information for each pixel to highlight the text margin, and Lyu [55]
proposed corner detection method to produce position-sensitive score map. Recently, in [89]
a progressive scale expansion network (PSENet) was introduced to nd kernels with multiple
scales and separate text instances close to each other accurately. However, the method in [S89]
requires a large number of images for training, which increases the run-time and can present

dif culties on platforms with limited resources.

Recently, several works [58, 59, : ] have treated scene text detectionnnataace

segmentation problepas shown in Fig. 2.3(b), and many of them have applied Mask R-CNN
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[74] framework to improve the performance of scene text detection. For example, SPCNET pro-
posed in [137] uses a text context module and a re-score mechanism to suppress false positives.
However, these methods [59, , ] have the following drawbacks: Firstly, they suffer from
the errors of bounding box handling in a complicated background, where the predicted bounding
box fails to cover the whole text image. Secondly, these methods [59, , ] aim at separat-
ing text pixels from the background ones, which can lead to many mislabeled pixels at the text

borders [58].

Hybrid methods [130, , , ] use segmentation-based approach to predict score maps
of text and aim as bounding-box based approach to obtain text bounding-boxes through regres-
sion. For example, Liwet al. [58] proposed a new Mask R-CNN-based framework, namely,
pyramid mask text detector (PMTD) for scene text detection, which assigns a soft pyramid label,
| 2 [0; 1], for each pixel in text instance, and then reinterprets the obtained 2D soft mask into 3D

space.

2.2 Text Recognition

Text recognition converts image regions into characters or words, where character classes in
the English language often consist of: 10 digits, 26 lowercase letters, 26 uppercase letters, 32
ASCII punctuation marks, and 1 end of sentences (EOS) symbol. When the evaluation metric

is case insensitive, only digits and letters are counted, and the rest are removed. However, text
recognition models proposed in the literature have used different choices of character classes,

which Table 2.2 provides their numbers.

Since the properties of text in the wild images are different from the text in scanned docu-
ments, it is challenging to develop an effective text recognition framework based on a traditional

machine learning method, such as [/76, —143], and applying it on these type of scene text
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images. This is because images captured in the wild tend to include text under various con-

ditions such as images of low resolution [77, 79], lightning extreme [77, 79], environmental
conditions [71, 82], and have different number of potential fonts [71, 82, 83], orientation angles
[72, 83], languages [35] and lexicons [77, 79]. Researchers proposed different techniques to

address these challenging issues, which can be categorized idlask&al machine learning-
based[31, 39, 40, 77, : ] andeep learning-basef!3, 63—-66, 66, 88, 94, —154]

methods, which in the rest of this section these two methods are discussed.

2.2.1 Classical Machine Learning-based Methods

In the past ve decadeglassical machine learning-basestene text recognition methods [39,
, : : , , ] have used standard image features, such as HOG [120] and SIFT
[157], with SVM [158], k-nearest neighbours [159] classi er, then statistical language models or

visual structure prediction applied to prune-out mis-classi ed characters [12, ].

Most classical machine learning-based methods follow a bottom-up approach that classi ed
charactersare linked up into words. For example, in [31, 77], given a cropped word image,
HOG features are rst extracted, and then a pre-trained nearest neighbor or SVM classi er is
applied on every feature of sliding window to classify the characters of the input word image.
Other works adopted a top-down approach, wherevbrel is directly recognized from the entire
input images, rather than detecting and recognizing individual characters. For example, Almazan
et al. [161] treated word recognition as a content-based image retrieval problem, where word
image and word labels are embedded into an Euclidean space and the embedding vectors are
used to match images and labels. However, these methods [31, 33, 77, ] cannot achieve
either an effective recognition accuracy, due to the low representation capability of handcrafted
features, or building models that are able to handle text recognition in the wild. Buttom-up

approach has proper interpretation since they can locate the position and label of each character.
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Table 2.2: Comparison among some of the state-of-the-art of the deep learning-based text recog-
nition methods, where TL: Text-line, C: Character, Seq: Sequence Recognition, PD: Private
Dataset, HAM: Hierarchical Attention Mechanism, ACE: Aggregation Cross-Entropy, and the

rest of the abbreviations are introduced in the list of abbreviation.

Method Model Year Feature Extraction Sequence modeling Prediction Training Dataset Irregular recognition Task # classes Code
Wanget al. [112] E2ER 2012 CNN - SVM PD - C 62 -
Bissacccet al. [33] PhotoOCR 2013 HOG,CNN - - PD - C 99 -
Jaderbergt al. [88] SYNTR 2014 CNN - - MJ - C 36 3
Jaderber@t al. [38] SYNTR 2014 CNN - - MJ - w 90k 3
Heetal.[166] DTRN 2015 DCNN LST™M CcTC MJ Seq 37 -
Shiet al. [64] RARE 2016 STN+VGG16 BLSTM Attn MJ 3 Seq 37 3
Leeetal.[145] R2AM 2016 Recursive CNN LTSM Attn MJ - C 37 -
Liu et al. [65] STARNet 2016 STN+RSB BLSTM CTC MJ+PD 3 Seq 37 3
Shiet al.[63] CRNN 2017 VGG16 BLSTM CTC MJ Seq 37 3
Wanget al. [146] GRCNN 2017 GRCNN BLSTM CTC MJ Seq 62 -
Yanget al.[147] L2RI 2017 VGG16 RNN Attn PD+CL 3 Seq - -
Chenget al. [148] FAN 2017 ResNet BLSTM Attn MJ+ST+CL - Seq 37 -
Liu et al. [149] Char-Net 2018 CNN LTSM Att MJ 3 c 37 -
Chenget al. [150] AON 2018 AON+VGG16 BLSTM Attn MJ+ST 3 Seq 37
Baietal.[151] EP 2018 ResNet - Attn MJ+ST - Seq 37 -
Liaoetal.[167] CAFCN 2018 VGG - - ST 3 C 37 -
Borisyuket al. [66] ROSETTA 2018 ResNet - CTC PD - Seq - -
Shietal.[27] ASTER 2018 STN+ResNet BLSTM Attn MJ+ST 3 Seq 94 3

Liu etal. [152] SSEF 2018 VGG16 BLSTM CTC MJ 3 Seq 37 -
Xie et al. [153] ACE 2019 ResNet - ACE ST+MJ 3 Seq 37 3
Zhanet al. [94] ESIR 2019 IRN+ResNet,VGG BLSTM Attn ST+MJ 3 Seq 68

Wanget al. [154] SSCAN 2019 ResNet,VGG - Attn ST 3 Seq 94 -
Wanget al. [168] 2D-CTC 2019 PSPNet - 2D-CTC ST+MJ 3 Seq 36

Note: * This method has been considered for evaluation.

However, its performance is severely con ned by the dif culty of character segmentation and

the method usually requires, many labeled training samples for character classi er training (such

as PhotoOCR |

1), which is both expensive and time-consuming [

]. Top-down approaches

also fail in recognition of the input word image outside of the word-dictionary dataset.

2.2.2 Deep Learning-based Methods

With the recent advances in deep neural network architectures [3,

proposedieep learning-basetixt recognition methods [

], many researchers

] to tackle the challenges of

recognizing text in the wild. Table 2.2 illustrates a comparison among some of the recent state-

of-the-art deep learning-based text recognition methods [27,
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The early deep CNN-based character recognition methods [33, 88, ] require localizing
each character, which may be challenging due to the complex background, irrelevant symbols,
and the short distance between adjacent characters in scene text images. For word recognition,
Jaderbergpt al. [43] conducted a 90k English word classi cation task with a CNN architecture
Although the [43] showed better word recognition performance in compare to just individual
character recognition methods [33, 88, ], they have two main drawbacks: (1) these methods
can not recognize out-of-vocabulary words, (2) deformation of long word images may affect

their recognition rate.

Considering that scene text generally appears in the fornsefjaencef characters, many of
recent works [63-65, 94, : —154, ] map an input sequence to a variable length output
sequence. Inspired by the speech recognition problem, several sequence-based text recognition
methods [63, 65, 66, , : : ] have ugmthectionist temporal classi cation (CTC)
[169] for prediction of character sequences. Fig. 2.4 illustrates three main CTC-based text
recognition frameworks that have been used in the literature. In many works [66, ], CNN
models (such as VGG [163], RCNN [165] and ResNet [164]) have been used with CTC as shown
in Fig. 2.4(a). For instance, in [66] extracted features from convolutional neural network by are
used to predict the feature sequences. Despite reducing the computational complexity, these
methods [66, ] suffered the lack of contextual information and showed a poor performance

in terms of scene text recognition accuracy.

For better extracting contextual information, several works [63, : ] used RNN [147]
combined with CTC to identify the conditional probability between the predicted and the target
sequences (Fig. 2.4(b)). For example, in [63] rsta VGG model [171] is employed as a backbone
to extract features of input image followed by a bidirectional long-short-term-memory (BLSTM)
[6] for extraction of contextual information and then a CTC loss is applied to identify sequence
of characters. However, these models [63, , ] are insuf cient to recognize irregular text,

where characters are arranged on a 2-dimensional (2D) image plane because the CTC-based is
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Figure 2.4: Comparison among some of the recent 1D CTC-based scene text recognition frame-
works, where (a) baseline frame of CNN with 1D-CTC as in Rosetta [66], (b) adding RNN on
the baseline frame as in [63], and (c) adding a Recti cation Network on the framework of (b) as
in STAR-Net [65].

only designed for 1-dimensional (1D) sequence to sequence alignment and it is hard to to apply
it on 2D text recognition problem [153]. Furthermore, in these methods, 2D features of image

are converted into 1D features, which may lead to loss of relevant information [168].

To handle irregular input text images, Lat al. [65] proposed a spatial-attention residue
Network (STAR-Net) that leveraged a spatial transform network (STN) [11] for tackling text
distortions. It is shown in [65] that the usage of STN within the residue convolutional blocks,
BLSTM and CTC framework, shown in Fig. 2.4(c), allowed performing scene text recognition

under various distortions.

The attention mechanisiihat was rst used for machine translation in [172] is also adopted
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for scene text recognition [27, 64, 65, 94, , , , ]. This technique automatically
learns implicit attention to enhance in-depth features in the decoding process. Fig. 2.5 illus-
trates ve main attention-based text recognition frameworks that have been used in the literature.
For regular text recognition, a basic 1D-attention-based encoder and decoder framework, as pre-
sented in Fig. 2.5(a) is used to recognize text images in [145, , ]. For example, Lee and
Osindero [145] proposed a recursive recurrent neural network with attention modeling (R2AM),
where a recursive CNN is used for image encoding in order to learn broader contextual infor-
mation, then an attention-based decoder is applied for sequence generation. However, directly

training R2AM on irregular text is dif cult due to the on-horizontal character placement [175].

Similar to CTC-based recognition methods, for handling irregular text many attention-based
methods [27, 67, 93, 94, ] have used image recti cation modules to control distorted text
images as shown in Fig. 2.5(b). For instance, &Hil. [27] proposed a text recognition system
that combined attention-based sequence and a STN module to rectify text. For this purpose,
in [27, 64], a spatial transformer network (STN) is employed rst to rectify the irregular text
(e.g. curved or perceptively distorted), then the text within the recti ed image is recognized by
a RNN network. However, training a STN-based method without considering human-designed
geometric ground truth is dif cult, especially, in complicated arbitrary-oriented or strong-curved

text images.

The performance of attention-based methods may decline in more challenging conditions,
such as images of low-quality and sever distorted text, which may lead to misalignment and
attention drift problems [168]. To reduce the severity of these problems, Gitealg [148]
proposed a focusing attention network (FAN) that consists of an attention network (AN) for
character recognition and a focusing network (FN) for adjusting the attention of AN. It is shown
in [148] that FAN is able to correct the drifted attention automatically, and hence, improve the

regular text recognition performance.
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Figure 2.5: Comparison among some of the recent attention-based scene text recognition frame-
works, where (a), (b) and (c) are 1D-attention-based frameworks used in a basic model [145],

recti cation network of ASTER [27], and multi-orientation encoding of AON [150], respectively,

(d) 2D-attention-based decoding used in [176], (e) convolutional attention-based decoding used
in SRCAN [154] and FACLSTM [177].

Some methods [147, , ] used 2D attention [178], as presented in Fig. 2.5(d), to over-
come the drawbacks of 1D attention. These methods can learn to focus on individual character
features in the 2D space during decoding, which can be trained using either character-level [147]
or word-level [176] annotations. For example, Yagtgal. [147] introduced an auxiliary dense
character detection task using a fully convolutional network (FCN) for encouraging the learning
of visual representations to improve the recognition of irregular scene text. The overall pipeline
of this method, which uses character level annotation, consist of the following components: a

deep CNN for feature extraction, a FCN for dense character detection and a RNN in the nal
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step for recognizing text, where an alignment loss was used to supervise the training of attention
model during word decoding. Later, Liaa al. [167] proposed a framework called Charac-

ter Attention FCN (CA-FCN), which models the irregular scene text recognition problem in a
2D space instead of the 1D space as well. In this network, a character attention module [179]
is used to predict multi-orientation characters in an arbitrary shape of an image. Nevertheless,
this framework requires character-level annotations and cannot be trained end-to-end [59]. In
contrast, Liet al. [176] proposed a model that used word-level annotations, which enables this
model to utilize both real and synthetic data for training without using character-level annota-
tions. Nevertheless, 2-layer RNNs are adopted respectively in both encoder and decoder, which

precludes computation parallelization and suffers from heavy computational burden.

To address these computational cost issue of 2D-attention-based techniques [147, : 1,
in[177]and [154] the RNN stage of 2D-attentions techniques were eliminated, and a convolution-
attention network [180] was used instead, enabling irregular text recognition, as well as fully
parallel computation and accelerate the processing speed. Fig. 2.5(e) shows a general block
diagram of this attention-based category. For example, Veédrad. [154] proposed a simple
and robust convolutional-attention network (SRACN), where convolutional attention network
decoder is directly applied into 2D CNN features. SRACN does not require to convert input

images to sequence representations and directly can map text images into character sequences.

End-to-endmethods [59-62] usually combine the detection and recognition modules and
train them simultaneously. This approach aims to improve the detection performance by leverag-
ing the recognition module. Unlike two-stage methods (step-wise) [43, 47, 48, 87], which detect
and recognize text in two separate frameworks, the input of end-to-end methods is an image with
ground-truth labels, and the output is a recognized text with its bounding box. For instance, Li
et al. proposed an end-to-end trainable framework that used Faster-RCNN [9] for detection, and
long short term memory (LSTM) attention mechanism for recognition. However, the main draw-

back of this model is that it is only applicable to horizontal text. FOTS [60] introduced RolRotate
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Table 2.3: Comparison among some of the recent text detection and recognition datasets.

Dataset Year # Detection Images # Recognition words  Orientation Properties Task
Train Test Total Train Test H MO Cu Language Annotation D R
ICO3* [76] 2003 258 251 509 1156 1110 3 - - EN w,C 3 3
SVT*[77] 2010 100 250 350 - 647 3 - - EN W 3 3
IC11[78] 2011 100 250 350 211 514 3 - - EN w,C 3 3
T 5K-words* [79] 2012 - - - 2000 3000 3 - - EN W - 3
MSRA-TD500 [80] 2012 300 200 500 - - 3 3 - EN,CN TL 3 -
SVT-P* [81] 2013 - 238 238 - 639 3 3 - EN w 3 3
ICDAR13*[82] 2013 229 233 462 848 1095 3 - - EN w 3 3
CUT80* [33] 2014 - 80 80 - 280 3 3 3 EN w 3 3
COCO-Text* [84] 2014 43686 20000 63686 118309 275503 3 3 EN w 3 3
ICDAR15* [71] 2015 1000 500 1500 4468 2077 3 3 - EN W 3 3
ICDARL17 [85] 2017 7200 9000 18000 68613 - 3 3 3 ML w 3 3
TotalText [72] 2017 1255 300 1555 - 11459 3 3 3 EN w 3 3
CTW-1500 [86] 2017 1000 500 1500 - - 3 3 3 CN W 3 3
SynthText [87] 2016 800k - 800k 8M - 3 3 3 EN W 3 3
MJSynth [88] 2014 - - - 8.9M - 3 3 3 EN w - 3

Note: * This dataset has been considered for evaluation. H: Horizontal, MO: Multi-Oriented, Cu: Curved,
EN: English, CN: Chinese, ML:Multi-Language, W: Word, C: Character, TL: Textline D: Detection, R:
Recognition.

to share convolutional features between detection and recognition module for better detection of
both horizontal and multi-oriented text in the image. End-to-end text detection and recognition
methods bene t the recognition results for improving the precision of detection, and some of
these methods achieved superior performances in horizontal and multi-orientation text datasets.
However, the high-performance detection of arbitrary-shape text such as curved or irregular text

is still an open research problem.

2.3 Benchmark Datasets

In the eld of text detection and recognition, several datasets have been introduced [71, 72, 76—
1.
The two synthetic datasets, including Synth-Text [87] and MJ-Synth [38] datasets, are only

used for pre-training of text detection and recognition models. There are also real-world datasets
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Figure 2.6: Sample images of synthetic datasets are mainly used for pre-training of (a) text de-
tection and (b) recognition models in the wild. Images are taken from publicly available datasets
in [87, 88]. All the above images are taken from publicly available benchmark datasets.

utilized extensively for evaluating the performance of detection schemes. We can categorize

these datasets as follows:

1. Horizontal-text datasets including ICDAR13 [82] and Coco-Text [119], which are an-
notated using rectangular bounding boxes. Some images of this datasets are shown in
Figure 2.7.

2. Multi-oriented text datasets: including ICDAR15 [71], ICDAR17 [85], and MSRA-
TD500 [181] that are annotated with quadrilateral and rotated-rectangle bounding boxes.
Figure 2.8 illustrates some sample images of this datasets.

3. Arbitrarily-shaped text datasets: including Total-Text [72] and CTW-1500 [36] that
mainly have curved and irregular text instances with multiple-vertices of polygon anno-

tation. We have shown some images of these datasets in Figure 2.9.

There are also cropped-word datasets [/1, 76, 77, 79, 81-84] designed to evaluate the scene text
recognition algorithms. These datasets can be categorized into regular-text and irregular-text
datasets, as shown in Figure 2.10. Table 2.3 also compares some of the recent text detection and

recognition datasets, and the rest of this section presents a summary of each of these datasets.
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2.3.1 MJSynth

The MJSynth88] dataset is a synthetic dataset that speci cally designed for scene text recogni-
tion. This dataset includes about 8.9 million word-box gray synthesized images, which have been
generated from the Google fonts and the images of ICDARO3 [182] and SVT [/7] datasets. All
the images in this dataset have annotated in word-level ground-truth and 90k common English

words have been used for generating of these text images.

2.3.2 SynthText

The SynthText in the Wildataset [183] contains 858,750 synthetic scene images with 7,266,866
word-instances, and 28,971,487 characters. Most of the text instances in this dataset are multi-
oriented and annotated with word and character-level rotated bounding boxes, as well as text
sequences They are created by blending natural images with text rendered with different fonts,
sizes, orientations and colors. This dataset has been originally designed for evaluating scene
text detection [183], and leveraged in training several detection pipelines [57]. However, many
recent text recognition methods [27, 94, , , ] have also combined the cropped word
images of the mentioned dataset with the MJSynth dataset [38] for improving their recognition

performance.

2.3.3 ICDARO3

ThelCDARO3dataset [182] contains horizontal camera-captured scene text images. This dataset
has been mainly used by recent text recognition methods, which consists of 1,156 and 110 text
instances for training and testing, respectively. In this work, we have used the same test images

of [67] for evaluating the state-of-the-art text recognition methods.
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Figure 2.7: Example images of (a) ICDAR13 [82], and (b) Coco-Text [119] datasets that have
rectangular bounding box annotations. All the above images are taken from publicly available
benchmark datasets.

2.3.4 ICDAR13

The ICDAR13dataset [32] includes images of horizontal text (itte groundtruth annotation

is represented by the indices of the top left corner associated with the width and height of a
given bounding box a&; = [x};y};x5; y5]” that have been used in ICDAR 2013 competition

and it is one of the benchmark datasets that used in many detection and recognition methods
[46, 54,57, 58, 60, 63-65, 67, 93]. The detection part of this dataset consists of 229 images for
training and 233 images for testing, recognition part consists of 848 word-image for training and
1095 word-images for testing. All text images of this dataset have good quality and text regions

are typically centered in the images.
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2.3.5 COCO-Text

This dataset rstly was introduced in [84], and so far, it is the largest and the most challenging text
detection and recognition dataset. As shown in Table 2.3, the dataset includes 63,686 annotated
images, where the dataset is partitioned into 43,686 training images, and 20,000 images for
validation and testing. In this work, we use the second version of this dataset, COCO-Text, as
it contains 239,506 annotated text instances instead of 173,589 for the same set of images. As
in ICDAR13, text regions in this dataset are annotated in a word-level using rectangle bounding
boxes. The text instances of this dataset also are captured from different scenes, such as outdoor
scenes, sports elds and grocery stores. Unlike other datasets, COCO-Text dataset also contains

images with low resolution, special characters, and partial occlusion.

2.3.6 ICDAR15

ThelCDAR15dataset [71] can be used for assessment of text detection or recognition schemes.
The detection part has 1,500 images in total that consists of 1,000 training and 500 testing im-
ages for detection, and the recognition part consists of 4468 images for training and 2077 im-
ages for testing. This dataset includes text at the word-level of various orientation, and cap-
tured under different illumination and complex backgrounds conditions than that included in
ICDAR13 dataset [82]. However, most of the images in this dataset are captured for indoors
environment. In scene text detection, rectangular ground-truth used in the ICDAR13 [82] are
not adequate for the representation of multi-oriented text because: (1), they cause unnecessary
overlap. (2), they can not precisely localize marginal text, and (3) they provide unnecessary noise
of background [184]. Therefore to tackle the mentioned issues, the annotations of this dataset
are represented using quadrilateral boxes (thegroundtruth annotation can be expressed as

Gi =[x} yh xb;yh; xb; yi; xb; i ]> for four corner vertices of the text).
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Figure 2.8: Sample images of (a) ICDAR15 [71], (b) ICDAR17 [85], and (c) MSRA-TD500
[181] datasets that are used for evaluation of multi-oriented text detection frameworks. All the
above images are taken from publicly available benchmark datasets.

2.3.7 ICDAR17

The ICDAR17 dataset is a large-scale word-level multi-lingual text dataset [85] comprised of
18000natural scene images, sorted into 7200 for training, 1800 for validation and 9000 for
testing. Similar to ICDAR15, This dataset also uses quadrilateral annotations [71], which we
convert to our proposed rotated boxes format with the same procedure described in the preceding
paragraph. Itis noteworthy to mention that ICDAR17 is more challenging than ICDAR15 due to

the varying text instances sizes, and the abundance of tiny text instances.

2.3.8 Total-Text

Total-Text [72] is a popular arbitrary-shaped text dataset that contains a large amount of curved
text and straight text. Most of the images of the Total-text [72] dataset mainly contain irregular
text while guarantee that each image has at least one curved text. The text instance is annotated

with polygon based on word-level with only English words.
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