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Abstract
Scene text detection and recognition has become a very active research topic in recent several years. It can find many
applications in reality ranging from navigation for vision-impaired people to semantic natural scene understanding. In this
survey, we are intended to give a thorough and in-depth reviews on the recent advances on this topic, mainly focusing on
the methods that appeared in the past 5 years for text detection and recognition in images and videos, including the recent
state-of-the-art techniques on the following three related topics: (1) scene text detection, (2) scene text recognition and (3)
end-to-end text recognition system. Compared with the previous survey, this survey pays more attention to the application of
deep learning techniques on scene text detection and recognition. We also give a brief introduction of other related works such
as script identification, text/non-text classification and text-to-image retrieval. This survey also reviews and summarizes some
benchmark datasets that are widely used in the literature. Based on these datasets, performances of state-of-the-art approaches
are shown and discussed. Finally, we conclude this survey by pointing out several potential directions on scene text detection
and recognition that need to be well explored in the future.
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1 Introduction

Text in natural scene image or video usually carries signifi-
cant semantic information. Natural scene text detection and
recognition aims to detect and locate text in scene image
or video and recognize it automatically. It can find many
applications, such as trafficmonitoring,multimedia retrieval,
semantic natural scene understanding.

Many techniques have been developed to detect and rec-
ognize the text in scene image and video. These techniques
can be divided into three broad categories: text detection and
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localization, text recognition and end-to-end text recognition
system. The goal of text detection and localization is to deter-
mine whether or not there is text in the given image or video
and localize it [1–31]. Text recognition aims at converting
the localized text in images into character coding [32–47],
whereas the end-to-end text recognition system combines
detection and recognition into a complete framework [48–
55].

Scene text detection and recognition is a useful but chal-
lenging task. Figure 1 illustrates some challenging examples
of scene text. In contrast to text recognition in documents,
robust and accurate scene text detection and recognition is
quite challenging due to many factors, including scene com-
plexity, text diversity and more stringent practical require-
ments, which are analyzed as follows.

– Scene complexity: Images or videos generally suffer
from noise, distortion, non-uniform illumination, partial
occlusion, as well as confusion of the text and back-
ground. Complex background brings some obstacles to
text detection or recognition in real world.

– Text diversity: Scene text vary in color, size, orientation,
font, language, and text partial deletion, etc.
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Fig. 1 Examples of challenges of scene text detection. a Different ori-
entations; b different languages; c different colors; d different size; e
complex background; f occlusion; g blur; h noise; i non-uniform illu-
mination

– More stringent practical requirements: Higher demands
are often proposed including real-time processing and
system robustness enhancement in many applications.

Recently, many good surveys of scene text detection
and recognition have been published. We recommend that
researchers can refer to these articles. For example, Ye et
al. [56] elaborated and analyzed text detection and recogni-
tion from several aspects, including the facing challenges,
fundamental problems and sub-problems, and some spe-
cial issues related to text in video, multi-orientation and
multilingual content. Zhu et al. [57] comprehensively sur-
veyed a large number of algorithms for text detection and
recognition. Yin et al. [58] mainly focused on text detec-
tion, tracking and recognition in video. In addition, many
PhD theses also provided good surveys of this topic. Wein-
man [59] surveyed scene text reading from three parts: text
detection, text recognition and joint detection and recogni-
tion. Field [60] summarized character-level and word-level
detection and recognition. Jaderberg [61] has reviewed the
related algorithms and datasets about the text spotting task.
They also proposed twomethods to generate training dataset.
In addition, character-centric text spotting and word region
proposal-based text detection were proposed. Mishra [62]
detailed the challenges, problems and applications of scene

text understanding. For scene text recognition, they proposed
three methods, including a text segmentation (binarization)
technique, an energy minimization framework and a holistic
word recognition framework.

The above-mentioned surveys give a comprehensive
review on the research achievements in the early years. How-
ever, many recent advances, typically themethods for the last
5 years, are not concluded and reviewed in the surveys. In this
paper,we present a comprehensive survey of scene text detec-
tion and recognition in both image and video that have been
published over the past 5 years. Compared with the previous
survey, we pay more attention to deep learning-based meth-
ods. In addition, we introduce and analyze some other related
works such as script identification, text/non-text classifica-
tion and text-to-image retrieval. Descriptions of benchmark
datasets are given as well as the overview of evaluation pro-
tocols. Based on these datasets, we discuss and compare the
performance and efficiency of the state-of-the-art methods.
Finally, we discuss some open issues and list potential future
directions.

The organization of the remainder of this paper is as fol-
lows. We review some classical previous methods in Sect. 2.
We detail the key approaches and techniques developed for
scene text detection and recognition in recent 5 years in
Sect. 3. In Sect. 4, some benchmark datasets and evalua-
tion protocols are described briefly. The performance of some
state-of-the-artmethods is also compared. Section 5 gives the
discussion and meanwhile points out some potential future
work. Finally, Sect. 6 concludes the paper.

2 Summary of previous methods

From a methodological point of view, we review the pre-
vious methods from OCR style methods, machine learning
stylemethods, energyminimization-basedmethods and deep
learning-based methods.

Traditional optical character recognition (OCR) focuses
on reading text from documents images, while photo-optical
character recognition (OCR) is developed to read text from
scene images, which is more challenging due to the uncon-
trolled conditions, complex backgrounds and variations in
text size, color and font, etc. Benefiting from the progress in
machine learning and large-scale language modeling, Bis-
sacco et al. [63] proposed a photo-OCR system for text
extraction from images. Three text detection approaches
were adopted to generate candidate regions. They also trained
a deep neural network for character classification. Experi-
mental results demonstrate the superior performance of this
method in text recognition. Neumann et al. [4] presented a
real-time commercial OCR systems. In their systems, they
employed an OCR stage that trained with synthetic fonts to
recognize text. Furthermore, they advanced anOCRclassifier
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to label character regions in [53]. Lee et al. [45] proposed a
lexicon-free photo-OCR system, which combined recursive
CNN and RNN, and achieved state-of-the-art performance
in many benchmark datasets.

In addition to OCR style approaches, energy
minimization-based methods have achieved promising
results in terms of scene text detection and recognition. Most
of suchmethods are based on conditional randomfield (CRF)
(such as [64,65]), Markov random field (MRF) [66], etc.
Koo et al. [67] treated text lines extraction problem as an
energy minimization problem which can handle the interfer-
ence between text lines. Based on conditional random field
(CRF), Mishra et al. [68] proposed an advanced energy min-
imization framework to recognize words. They minimized
the energy function via unary and pairwise terms and finally
got the optimal word for the image. Shi et al. [33] built a con-
ditional random field (CRF) model for text recognition. One
of the three text detection techniques that Bissacco et al. [63]
used was based on energyminimization. They adopted graph
cuts to labeling text and non-text by minimizing a Markov
random field (MRF) with learned energy terms.

Many CRF-based or MRF-based methods can also be
viewed as machine learning-based methods; for instance,
Pan et al. [65] devised a supervised conditional random field
(CRF) model combining unary component properties and
binary contextual component to filter out non-text compo-
nents.

Some methods detect and recognize scene text based on
machine learning, such as support vector machine (SVM),
random forest and clustering-basedmethods and so on. SVM
is a widely used and effective classification algorithm. Neu-
mann et al. [4] chose a SVM model with RBF kernel as
classifier in their method. Lee et al. [36] used a linear
SVM-based classifier to rank and select the most informa-
tive features for scene text recognition. Sharma et al. [69]
adopted a Gaussian kernel SVM classifier to identify script
and a hidden Markov model (HMM)-based method for word
and character recognition. Based onHOG andCNN features,
Turki et al. [20] also trained an SVMclassifier to filter out the
non-text elements. Kang et al. [27] proposed a higher-order
correlation clustering (HOCC) for scene text detection. In
addition, a structured SVM was used to learn the parameters
of HOCC. Yin et al. [3] developed the single-link clustering
algorithm, which can effectively group character candidates
into text candidates. They also trained an AdaBoost classifier
to determine whether the text candidates correspond to real
text.

Even though the machine learning-based methods
achieved competitive results in some challenging situations,
it is not easy to extract more abstract features than deep
learning. Reading scene text has greatly benefited from deep
learning-based approaches, which will be introduced in the
following section in detail.

3 Recent advances on scene text detection
and recognition

Scene text detection and recognition consists of three major
tasks, namely text detection and localization, text recognition
and end-to-end text recognition system [50].

In this section, we will discuss and analyze the classical
and advanced algorithms for text detection and recognition in
both image and video according to the above three parts. Fur-
thermore, the approaches based on deep learning have been
discussed and compared in detail. In addition,we also discuss
the relative works such as script identification, text/non-text
classification, text binarization and text-to-image retrieval.

3.1 Text detection and localization

Text detection and localization aims at processing the input
images or videos, detecting the presence of text and generat-
ing candidate text position. Existing methods for text detec-
tion and localization can be roughly categorized into three
major groups: connected component (CC)-based methods,
texture-based methods and deep learning-based methods.

3.1.1 Connected component (CC)-based methods

The connected component (CC)-based methods find and
combine small components into a large component, thenfilter
out non-text components by classifier, and finally extract text
from image and combine it into text region. These methods
have advantages of minor calculation and efficient. However,
they are plagued by several limitations such as the inabil-
ity to handle rotation, scale changes, complex backgrounds
and other challenging cases. With regard to CC-based meth-
ods, the most representative methods are maximally stable
extremal regions (MSERs) [1] and stroke width transform
(SWT) [2].

Neumann et al. [1] used the maximally stable extremal
regions (MSERs) algorithm to detect text. They first generate
candidate region and then classify it with the already trained
character and non-character classification. Finally, the model
generates text line. The flowchart is shown in Fig. 2. Its nov-
elty is embodied in adapt hypotheses verification framework
to train multiple text lines and uses synthetic fonts to train
the algorithm. MSER provides robustness to geometric and
illumination conditions. However, this method only adapts
to horizontal or nearly horizontal texts.

Epshtein et al. [2] proposed strokewidth transform (SWT)
method. SWT is a local image operator which uses the Canny
edge detector [70] to perform edge detection and compute
per pixel the width of the most likely stroke containing the
pixel. SWToutputs an image,which contains the strokewidth
value in each pixel. Then, removing the interference of text
candidate domain and clustering the characters that meet a
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Fig. 2 Flowchart of the method presented by Neumann et al. [1]. This method introduced maximally stable extremal regions (MSERs) which
provides robustness to geometric and illumination conditions

Fig. 3 Results of scene text detection by Epshtein et al. [2]. In their
method, stroke width transform (SWT) is first introduced to distinguish
text objects from non-textual objects from cluttered backgrounds

series of conditions, eventually, the text line is formed (see
Fig. 3). Experiments show that SWT is highly efficient for
text detection. This operator can detect texts in many fonts
and languages, and it is insensitive to multi-scales and multi-
directions. Nevertheless, SWT requiresmany human-defined
constraints, so it may be failed in some challenging cases.

Yin et al. [3] developed MSER-based methods. They first
extracted character candidates by the proposedMSERs prun-
ing algorithm. Second, single-link clustering algorithm was
adopted to cluster the character candidates into text candi-

dates. Then, they trained a character classifier to eliminate
non-text candidates. Finally, anAdaBoost classifier was used
to detect text. However, there is room for further progress in
detectingmulti-orientation, multi-language or highly blurred
texts in lower-resolution natural scene images.

The method proposed by Neumann et al. [4] treats the
character detection problem as an efficient sequential selec-
tion from the set of extremal regions (ERs). Thismethod takes
up lessmemory, computes faster andmaintains real-time per-
formance. Similarly based on extremal regions (ERs), Cho
et al. [5] presented an effective algorithm that can detect
various texts. The algorithm extracted character candidates
by extremal regions (ERs), and non-maximum suppression
(NMS) was used to guarantee the uniqueness and compact-
ness. In addition, double threshold and hysteresis tracking
was adopted to fully detect texts even the candidates with
low confidence. This method achieves high recall rate but is
computationally expensive.

An efficient stroke detector was proposed by Busta et
al. [6]. There are mainly three contributions. Firstly, stroke
ending keypoint (SEK) and stroke bend keypoint (SBK)
were introduced to detect stroke keypoint and then exploited
to produce stroke segmentations. Secondly, they trained an
AdaBoost-based classifier to classify text fragment and back-
ground clutter. Finally, based on text direction voting, they
adopted a text clustering technique to group individual char-
acters into text lines. It is worth noting that, besides computes
fast, this method is scale- and rotation-invariant and supports
a wide variety of scripts and fonts. However, it may be failed
in some challenging cases, such as low image contrast, com-
pact character.

3.1.2 Texture-based methods

The idea behind the texture-basedmethod is that text in image
has distinct textural properties, which can distinguish them
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from the background. The techniques based on Gabor filters
[71], Wavelet [72], fast Fourier transformation (FFT) [73],
etc., can be used to detect the textural properties of a text
region in an image [74].

In early years, Zhong et al. [7] proposed a filter that can
directly detect text in the discrete cosine transform (DCT)
domain. This algorithm runs fast but has a relatively low
detection accuracy. Hanif et al. [8] proposed a cascade scene
text detector and localizer. AdaBoost classifier was com-
posed of linear discriminant classifier and likelihood ratio test
(LRT). Following this work, in [9], they took into account the
feature complexity in AdaBoost feature selection algorithm,
which benefits the complexity of the strong classifier and
the computational complexity of the real-time application.
In addition, a neural network-based localizer was adopted to
learn localization rules automatically. Thismethod is suitable
for text detection with various sizes and styles.

Zhang et al. [10] introduced a symmetry-based text line
detector under the observation of the symmetry and self-
similarity properties of character groups. This detector has
the capacity to directly discover text lines from natural
images. The model achieved state-of-the-art performance
in ICDAR datasets and can be used for multi-language
detection. However, its computational efficiency needs to be
improved.

Liang et al. [11] proposed a new algorithm for arbi-
trary orientation character segmentation in videos and natural
scene images based on wavelet decomposition. Laplacian
Wavelet was also used to detect text candidate. Moreover,
the horizontal and vertical sampling concept was proposed
to segment characters fromwords. Thismethod has advanced
performance in terms of precision and F measure.

3.1.3 Deep learning-basedmethods

With the development of deep learning, convolutional neu-
ral network (CNN) has been widely explored. The main
advantages of CNN are being insensitive to geometric trans-
formation, deformation and illumination. It can extract infor-
mation directly from image with a small computational cost.
The performance of text detection and recognition in natural
scene has been greatly improved due to the advanced prop-
erties of CNN. Existing CNN-based methods can be broadly
categorized into several sub-classes: region proposal-based
methods, segmentation-based methods and hybrid methods
using multitask learning. Next, we will describe these meth-
ods in detail.
Region proposal-based methods take advantages of the
region-based methods and the deep neural networks. These
methods can robustly learn a component representation via
CNN and can alsomake full use of CNN’s powerful ability in
classification and object detection. In the early years, Huang
et al. [12] proposed a robust scene text detector combined

Fig. 4 The procedure of Zhang et al. [14]. a Input; b salient map of
predicted text regions; c text block generation; d candidate character
component extraction; e orientation estimation; f text line candidates
extraction; g detection results

maximally stable extremal regions (MSERs) with convo-
lutional neural network (CNN). Experiments showed that
this method achieved the best performance on ICDAR 2011.
Combining faster R-CNN-based text detectors and LocNet-
based localization module, Zhong et al. [13] proposed a
technique to improve localization accuracy. This method can
satisfy challenging cases and multi-language well.

Zhang et al. [14] proposed a framework that can detect text
in multiple orientations, languages and fonts (Fig. 4 shows
the procedure). It mainly consists of two fully convolutional
network (FCN): one of which is used for the salient map of
text regions and the other FCN is used to predict the centroid
of each character. However, false positives and missing char-
actersmay appear in certain situations, such as extremely low
contrast, curvature, strong reflect light, too closed text lines
or tremendous gap between characters. Another limitation is
the low computational efficiency.

Zhu et al. [15] proposed a cascaded system for scene text
detection. Text-Conv, a feature learning-based convolutional
detector, was used to detect character patch. Region grow-
ing was applied to form CCs. The Word Graph algorithm
groups detected character CCs into words based on their
appearance and spatial relationships. Itwill achieve advanced
performance by combining the above techniques together.
However, the system failed to deal with some overlapped
text lines, isolated characters, non-uniform illumination and
so on.
Segmentation-based methods are generally adopted to pro-
duce more precise text regions. These methods are applied to
multi-size text detection, but ineffective in detecting individ-
ual text lines orwords. Segmentation network combinedwith
detection network may obtain better performance. Guided
by it, Qin et al. [16] focus on word-level text spotting and
proposed a cascaded method with two convolutional neural
networks. One is a fully convolutional network that called
TextSegNet, which is designed to find text blocks. The other
is a YOLO-like network named WordDetNet that detects
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Fig. 5 Architecture of the CTPN that proposed by Tian et al. [22], which combines VGG16 and bidirectional LSTM

individual words by generating oriented rectangular regions.
This method does a good job in improving F-score in ICDAR
datasets.

Gupta et al. [17] developed a synthetic text scene image
generation engine to generate images of natural scene text.
Then, a large annotated dataset was built which called Syn-
thText in the Wild. Inspired by fully convolutional networks
(FCN), a new deep architecture was proposed, namely, fully
convolutional regression network that was highly accurate,
fast and trainable end-to-end.

The method proposed by Tang et al. [18] employed cas-
caded convolutional neural network(CNNs). In their work,
three CNN-based models were proposed: detection network
(DNet), segmentation network (SNet) and classification net-
work (CNet). DNet was used to detect regions of text or
the coarse candidate text region (CTR). SNet was effective
in CTR refinement and text region segmentation. CNet was
adopted to get the true text regions by classifying the refined
CTRs into text or non-text. Benefiting from the power of
deep CNN, this method achieves competitive precision and
best recall and F measure in three benchmark datasets. How-
ever, the method is ineffective in the cases of non-uniform
illumination, strong light and so on.

Based on superpixel segmentation and hierarchical clus-
tering, Wang et al. [19] proposed a new character candidate
extraction method. Inspired by the propriety of color con-
sistency of the characters, they introduced a superpixel
segmentation technique which integrated color and edge
information together to output the refined superpixels. The
character candidates were extracted via single-link cluster-
ing. In addition, they trained a deep convolutional neural
networks (DCNN) classifier with double threshold strategy
to classify text or non-text components. In the future, it can
be extended to multiple connected characters detection task.
Hybrid methods take into account both CC-based methods
and texture-based methods. This class of methods usually
employmultitask learning to optimize themodel parameters.
Turki et al. [20] presented an effective and robust scene text
detector. They adopted Otsu method and a robust edge pro-

jection to filter the complex background. MSERmethod was
utilized to detect a text pixels candidate. Based on CNN and
HOGfeatures, SVMwasused to eliminate non-text elements.
Finally, they eliminated false positive based on geometrical
properties of text blocks.

Tian et al. [21] proposed a unified scene text detection
system, termed as Text Flow. There are two key steps that
constitute the system: One is character candidate detection
that adopt cascade boosting technique. The other is text line
extraction that uses a min-cost flow network. The min-cost
flow network is able to integrate three sequential steps (false
character candidate removal, text line extraction, text line
verification) into a single process. Benefiting from the above
advantages, thismethod eliminates the problemof error accu-
mulation and achieves high recall. However, its speed has not
been improved, and it cannot achieve a good detect results in
some challenging conditions.

Tian et al. [22] presented a framework (as shown in
Fig. 5) called Connectionist Text Proposal Network (CTPN)
to localize text in the wild. CTPN is trained end-to-end and
can be extended to multilingual and multi-scale text detec-
tion. This model achieves state-of-the-art results due to two
key contributions. One is the vertical anchor mechanism
which can improve localization accuracy by jointly predict
location and text/non-text score of each text proposals. The
other is the in-network recurrent neural network that is used
to connect sequential text proposals; in this way, the model
is able to deal with detection in most challenging cases.

He et al. [23] presented a novel text-attentional convolu-
tional neural network (Text-CNN), which is effectively for
extracting text-related regions and features from the image
components. They proposed contrast-enhancedMSERs (CE-
MSERs) detector for generating component candidates. The
above two contributions effectively improve the detection
accuracy and recall rate. However, it failed in some cases
such as extremely ambiguous text.

Without plenty of assumptions like most existing meth-
ods, Fabrizio et al. [24] proposed a context-free text detection
technique. Specifically, CC-based method was used to gen-
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erate text candidates. Texture-based method was adopted to
validate or discard the generated candidates. This method is
applied to multi-sized, multi-oriented texts. However, false
positives may occur due to fewer assumptions, and letters
cannot be separated when they are stuck together.

3.2 Text recognition

Text recognition focuses on recognizing the text in text candi-
date under the assumption that the text has been successfully
detected. Text recognition methods can be broadly divided
into three categories: character-based methods, word-based
methods and sequence-based methods. It is worth noting
that the CNN+RNN framework for recognizing sequence-
like text image after the first work [48] is quite popular with
many advances to previous approaches.

3.2.1 Character-based methods

Character-based methods [32–34] perform character-level
text recognition. As the basic element of text, character
carries a large number of crucial information. Successful
recognition of character makes bottom-up text recognition
easier to implement.

Yao et al. [35] presented an advanced multi-scale repre-
sentation for scene text recognition, called strokelets whose
essence is a set of multi-scale mid-level primitives and can
be automatically learned from bounding box labels. The
main advantages of strokelets are multi-folds and can be
summarized as usability, robustness, generality and expres-
sivity. This method is effective at describing characters and
robust in recognition. In [36], Lee et al. were dedicated to
character recognition and presented a discriminative feature
pooling method (see Fig. 6). Firstly, they extracted low-level
features that include gradient histograms, gradient magni-
tude and color. Secondly, the extracted low-level features
were integrated automatically via region-based feature pool-
ing technique. Finally, a linear SVM-based classifier was
devised to rank and select the most informative features. The
proposed feature has proven to be compact, computationally
efficient and can effectively model distinctive spatial struc-
tures of each individual character.

Lou et al. [37] devised a generative shape model for scene
text recognition. Thismethod achieves state-of-the-art results
on ICDAR datasets and SVT datasets with very little train-
ing data. In order to handle the challenging case of variation
of fonts in the wild, they adopted a greedy approach for
representative fonts selection. Furthermore, they chose max-
margin structured output learning to train a parsing model
that is able to infer the true word. However, this method may
miss edge evidence in the case of blur and overexposure.

Input image

Low-level 
pixel-based features

Mid-level
feature pooling

Learning/Inference

…

Fig. 6 Framework of region-based feature pooling algorithm proposed
by Lee et al. [36]. The method incorporates pixel-wise low-level image
features and subregion mining schema

3.2.2 Word-based methods

Word-based methods [38,39,49] recognize text at word level
also attract the attention of many scholars. Some existing
methods treat word recognition as an optimization problem,
such as Phan et al. [40]; in order to recognize perspec-
tive scene texts of arbitrary orientations, they proposed an
advanced text recognition method. By using dense SIFT in
a bag-of-keypoints framework, character could be recog-
nized robustly.With regard toword recognition, they adopted
an optimized alignment algorithm. It is remarkable that the
whole system was trained with only frontal character, which
greatly reduced the demand for datasets.

Weinman et al. [41] proposed a reading system. They
integrated word segmentation with recognition in the proba-
bilistic framework. Lexical decision and sparse beam search
tools were used to improve the recognition accuracy and
operation efficiency.

3.2.3 Sequence-based methods

Recently, numerous works [42,43] have taken the problem of
text recognition as a sequence recognition task, in which the
text is represented via character sequence. Sequence-based
methods consider the intimately relationship between char-
acters. Shi et al. [44] proposed a method for irregular text
recognition which is called RARE (Robust text recognizer
with Automatic REctification). This model combined spa-
tial transformer network (STN) and a sequence recognition
network (SRN), where STN transformed an input image to
a rectified image and SRN was applied to recognize text. In
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Fig. 7 The architecture ofCRNNproposed byShi et al. [48]. Themodel
mainly consists of convolutional layers, recurrent layers and transcrip-
tion layer

addition, attention-based model was used to extend the STN
framework as well as SRN. This method can greatly improve
the recognition rate of irregular text but tends to fail in some
challenging cases, such as text with heavy perspective dis-
tortion or large curve angles.

Lee et al. [45] proposed a lexicon-free photo-OCR sys-
tem called recursive recurrent neural networks with attention
modeling (R2AM). In this paper, recursive CNNwas used to
capture image feature due to its ability of increasing the depth
of the CNN and actively respond to the extracted features.
RNN was adopted to model the character-level statistics of
text. Furthermore, in order to force the model to pay more
attention to the most important segments of incoming fea-
tures, they chose soft-attention model in their method.

As for image-based sequence recognition problem, Shi
et al. [48] proposed an end-to-end text recognition system,
called convolutional recurrent neural network (CRNN)(see
Fig. 7), which consists of convolutional layers, recurrent lay-
ers and transcription. By combining CNNwith RNN, CRNN
can handle sequences in arbitrary lengths and does not rely on
additional lexicon. Furthermore, this method achieved com-
petitive performance with less parameters.

He et al. [46] devised a deep-text recurrent network
(DTRN) (see Fig. 8) that treats scene text recognition as
a deep sequence labeling problem. This model adopted the

Fig. 8 The architecture of DTRN proposed by He et al. [46], which is
a CNN + RNN structure

structure of CNN + RNN, where CNNwas applied to extract
the features of objects and learn high-level image represen-
tation, RNNwas modeled for sequence learning. In addition,
this model does a good job in processing unknown words,
arbitrary strings and multiple words without any pre-defined
dictionary.

Yang et al. [47] focused on irregular text recognition task
and presented an end-to-end model that consists of an auxil-
iary dense character detection model and an attention model.
The former is a FCN architecture that is used to learn the
high-level visual representations. The latter is guided by an
alignment loss. The model has achieved competitive results
due to the combination of the above two components.

3.3 End-to-end text recognition system

End-to-end text recognition system is a combination of two
tasks: text detection and text recognition. A complete frame-
work is used to implement image input, text detection and
localization, text recognition, and final output result.

Jaderberg et al. [50] proposed an end-to-end system for
text spotting. A novel convolutional neural network (CNN)
architecture was proposed to generate a series of saliency
maps. The CNN-based classifier can process the entire
image instead of cropped proposal. Furthermore, in order to
acquire additional training data, they proposed an automatic
data mining technique to generate word and character-
level annotated data from Flickr. The method mentioned
in this paper achieved state-of-the-art performance in many
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Fig. 9 Pipeline of the end-to-end text spotting method proposed by
Jaderberg et al. [51]. a Region proposals extraction; b filtering false-
positive detections; c refining proposals; d text recognition; e merging
detections and give a score; f thresholding the detections results

datasets. Lately, Jaderberg et al. [51] advanced text spot-
ting methods through the following works. By combining
edge boxes region proposal method with aggregate channel
features (ACF) detector, the detection result showed com-
petitive performance in recall rate. In addition, they devised
a classifier to filter false-positive bounding boxes to reduce
the computational costs and trained a regressor to refine the
location of the bounding boxes. Inspired by the whole-word
image algorithm, they trained a novel deep convolutional
neural networkwith only synthetic data. Themethod is effec-
tive in many datasets, but it needs some artificial constraints.
The pipeline is shown in Fig. 9.

Neumann et al. [49,52,53] have done a lot of researches
and effectively promoted the progress in this field. In [49],
with the advantages of sliding window and connected com-
ponent methods, they proposed an unconstrained end-to-end
real-time text localization and recognition method. The
model detected strokes by oriented bar filters.Moreover, they
also introduced a robust character representation. However,
thismethod hasmany limitations in the detection process; for
example, the subregion of a character might be another char-
acter, and the letter contains only one stroke on the boundary.
In [52], they developed the end-to-end real-time system. In
this literature, a region-based method was designed to detect
initial text hypothesis in a single stage, followed by a more
robust local text mode that was used to refine the text line
hypothesis. In addition, they introduced a novel feature based
on stroke support pixels (SSPs) which is invariant to scaling
and rotations. Then, they made persistent efforts and pro-
posed an advanced end-to-end real-time text localization and
recognition method without any prior knowledge in [53].
With the advanced point of view that character detection
problem can be treated as an efficient sequential selection
from the set of extremal regions (ERs), real-timeperformance
is achieved. This method is not affected by noise, low con-
trast, color variation and other interference factors.

Yao et al. [54] first proposed an approach on end-to-end
recognition of multi-oriented texts. Benefitting from the dis-

Fig. 10 TextBoxes architecture proposed byLiao et al. [55]. Thismodel
is a 28-layer fully convolutional network and achieved state-of-the-art
performance of end-to-end text recognition

criminative power of the component level features and the
inherent clustering mechanism of random trees, the compo-
nent level classifier achieved competitive performance in text
detection and recognition. Furthermore, a dictionary-based
search method was designed to correct errors of recognition.

Recently, TextBoxes has been proposed by Liao et al.
[55]. In this paper, they proposed an end-to-end model
(as Fig. 10 shows) for text detection and recognition that
achieved competitive resultswhile keeping efficiency.A fully
convolutional network was designed to detect scene text, and
CRNNwas adopted to recognize text. Experiments show that
TextBoxes is the state-of-the-art of end-to-end text recogni-
tion and word spotting at present.

3.4 Text detection and recognition in scene video

Video text contains significant high level information which
contributes to content-based video understanding and
retrieval [75]. However, compared with image text, video
text detection and recognition is more challenging due to its
display form which can be categorized as layered caption
text, embedded caption text and scene text.

Embedded captions have good directivity and summary
on the semantic information of video frames. In [76], Tian et
al. proposed a unified framework for embedded captions. It is
a Bayesian-based method which includes multi-components
such as text tracking, tracking-based text detection and track-
ing text recognition.

With regard to scene text in video, the background is
usually more complex and the frames have much lower res-
olution. Thus, text detection and recognition of video frames
has not been effectively addressed with the traditional tech-
niques for scene image. To overcome such problems and
improve the performance of scene text detection and recog-
nition in video, many approaches adopt spatial and temporal
information.

Shivakumara et al. [77] presented a method for multi-
oriented text detection in video.TheyusedFourier–Laplacian
filtering to identify candidate text regions. They classified
CC as simple CC and complex CC based on the number
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of intersection points. Skeletonization was used to segment
CCs into text lines. In order to eliminate false positive, text
string straightness and edge density were used at the end.
This method achieved higher recall and F measure. Liang et
al. [38] proposed a new idea of convolving Laplacian with
wavelet sub-bands at multi-level in the frequency domain.
They adopted MSER and SWT to group candidate text pix-
els as text regions, followed by the mutual nearest neighbor
clusteringwhichwas devised to cluster candidate text regions
belonging to the same text line. This is a very effective
method for arbitrary orientations text detection and achieves
good accuracies in both scene image text detection and video
text detection.

Based on CNN, Yousfi et al. [78] explored three deep
learning models for Arabic video text feature extraction:
Deep belief networks, which can learn the weights in a
layer-wise manner, were exploited to learn character recon-
struction; deep auto-encoders based onmultilayer perceptron
were also used to learn character reconstruction; convolu-
tional neural networks were used to learn an adequate repre-
sentation for character classification. Finally, aBLSTM-CTC
network was used to predict the text transcription.

Sharma et al. [69] proposed a new technique for mul-
tilingual video text recognition. In this literature, a spatial
pyramid matching (SPM)-based pooling scheme with SIFT
descriptors and SVM classifier was applied for script iden-
tification, followed by a approach based on hidden Markov
model (HMM) to perform word and character recognition.
Finally, they used the lexicon-based post-processing of the
word recognition results to improve the accuracy.

3.5 Multi-orientation text detection

In recent years, there are increasing research interests that
focused on multi-oriented text detection, which appears
to be the recent trend of text reading in the wild. Com-
pared with horizontal or near-horizontal text which has
been successfully detected via various methods [12,15],
multi-oriented text detection tasks are more challenging and
have much room for improvement. In order to improve the
performance of the multi-oriented text detector, numerous
methods [3,11,14,21,25] have been presented. In the early
work, Yin et al. [26] first proposed a unified distance met-
ric learning framework for adaptive hierarchical clustering.
Then, a coarse-to-fine grouping algorithm for text candi-
dates construction was applied, and an efficient scene text
detection infrastructure was valid for multi-orientation scene
text detection. This method performs excellent in multi-
orientation text detection, but it is weak in detecting seriously
blurred text in low-resolution images.

Yao et al. [79] proposed an effective technique for arbitrary
orientations texts detection. In their method, SWT and other
features such as component level features and chain level

features were adopted. Two-level classification scheme was
used to reduce the impact of manual parameters. Experimen-
tal results illustrate the superior performance of this method
in multi-orientation text detection.

Based on MSER, Kang et al. [27] presented higher-
order correlation clustering (HOCC) for text of arbitrary
orientations. Specifically, inspired by spatial alignment and
appearance consistency of MSER, weak hypotheses are first
proposed. Then, they used HOCC to partition the MSERs
into text line candidates. Finally, a texture classifier was used
to filter out the non-text areas. In this paper, they creatively
treated text detection as a graph partitioning problem and
succeeded in detecting text with multiple orientations, lan-
guages and fonts. Nevertheless, the method requires some
prior knowledge and assumptions.

Gomez et al. [28] presented a text-specific object pro-
posals algorithm. Compared with existing object proposals
methods, this method does a good job of improving recall
rate while it only extracts a few thousand proposals. They
integrated the proposed text proposals algorithm with other
whole-word recognition models to achieve state-of-the-art
performance in end-to-end scene word spotting task.

Zhou et al. [29] designed a fast, simple yet powerful frame-
work for detecting multi-oriented and multi-quadrilateral
shapes text. The detection pipeline consists of two stages:
One is a fully convolutional network (FCN) model which is
used to produce word or line level predictions, and the other
is a process of non-maximum suppression (NMS) to yield
detection results. This model outperforms previous state-of-
the-art methods in performance while running much faster.
However, the model is limited in detecting text with longer
text regions and may miss word or incorrectly detect text due
to limited training set size.

Shi et al. [30] proposed an advanced multi-oriented text
detection method named segment linking (SegLink) (as
Fig. 11 shows). This method is mainly composed of two

Fig. 11 Shi et al. [30] presented SgeLink. a Segments detection; b link
connects two adjacent segments; c detection results; d–f SegLink can
detect long lines of latin/non-latin text
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elements: segments and links. The former is an oriented box
that covers a part of a word or text line. The latter is used
to connect a pair of adjacent segments and indicate that they
belong to awholeword or text line. In addition, they designed
a fully convolutional neural network to detect segments and
links. Despite that there are a few limitations to the proposed
model (e.g., two thresholds need to be set manually with-
out adjusted automatically; character spacing will affect the
detection performance), sufficient experiments have showed
the competitive accuracy and efficiency of the method.

Based on CNN, Liu et al. [31] proposed deep matching
prior network (DMPNet). In their method, quadrilateral slid-
ing windows were used to roughly recall the text. Then, they
proposed shared Monte Carlo method to compute polygonal
overlapping areas. In particular, a novel sequential proto-
col and relative regression were adopted to allow quadrangle
instead of rectangle to finely localize text. However, the slid-
ing window was designed manually which may be affect the
performance of the model.

3.6 Preprocessing and extension

There are some relative research tasks that play a crucial
role in scene text reading system. In this action, we focus on
script identification, text/non-text image classification, scene
text binarization and vision and language.

3.6.1 Script identification

As an important step of scene text reading system, script iden-
tification aims at determining the language categories of the
text. In some cases, because different scripts (such as Chi-
nese and English) have strong distinctions in stroke structure,
many existing text detection and recognition techniques can-
not run effectively on multi-scripts. However, some scripts
have strong inter-class similarity, which is not conducive to
the distinction, resulting inmore challenges for the scene text
reading system. Therefore, some methods contribute to the
development of script recognition.

Nicolaou et al. [80] proposed an advanced script identifi-
cation method which is applied to video text, scene text and
handwritten text. Thismethod integrates hand-crafted texture
features with artificial neural network. Experiments showed
that the model achieved state-of-the-art in CVSI 2015 Video
Script Identification datasets and SIW dataset, etc.

Shi et al. [81] developed a technique for script identifi-
cation in the wild. They chose deep network as the basic
framework and proposed discriminative convolutional neu-
ral network (DisCNN) which has the ability to distinguish
scripts with subtle differences. In their method, deep features
with discriminativemid-level representationswere combined
to train the deep network. In addition, they gathered a large
script dataset called SIW-13, which contains 16291 images

cover 13 scripts in the wild. This method showed competi-
tive performance in many datasets while it sometimes failed
in challenging cases (e.g., blurred or low-resolution images,
unusual text layouts and text with similar appearance).

Gomez et al. [82] presented a CNN-based method which
is able to learn discriminative stroke-part representations
and their relative importance in a patch-based classification
scheme via conjoined convolutional networks. More specifi-
cally, patch-based classification schemewas designed to deal
with the problem of extremely variable aspect ratio of text
while identifying script. The model was evaluated in three
benchmark datasets and outperformed majority of previous
methods.

In addition, we also introduce several widely used datasets
for script identificationwhich cover scene text and video text.
The details of CVSI 2015 [83] and SIW-13 [81] are given in
Table 1.

3.6.2 Text/non-text classification

The goal of Text/non-text classification is to pick out images
containing text from a large number of images. It can be
considered as an inevitable preprocessing of the text detec-
tion and recognition. This classification is challenging due
to the randomness of the text appearance, the complex back-
grounds and the special requirements for time complexity.
Several existing methods have promoted the development of
this field; for example, Delaye et al. [84] proposed a condi-
tional randomfields-based classification for handwritten text.
Phan et al. [85] also presented a RNN-based classifier to han-
dle text/non-text classification in handwritten documents. In
addition, Sharma et al. [86] focused on text/non-text classi-
fication in video.

Bai et al. [87] focused on text/non-text scene image clas-
sification. They proposed a CNN-based technique called
multi-scale spatial partition network (MSP-Net). In this
method, they predicted whether the image has text content
on block level. As long as there exists text in one block of
the image, it was considered a text image; otherwise, it was
a non-text image. An effective and robust neural network
architecture was designed and achieved good performance
while it may fail in some challenging cases, such as low illu-
mination, regular curves and so on.

3.6.3 Text binarization

Binarization also plays an important role in the preprocessing
of text detection and recognition. Document image bina-
rization aims at separating text from background, which
contributes to the document images analysis and recogni-
tion. The methods of document image binarization can be
broadly divided into three categories: threshold methods
[88,89], clustering-based methods [90] and energy mini-
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Table 1 Details of benchmark datasets

Dataset Content Task

ICDAR 2003 [100]/2005 [101] Contains 258 training samples and
251 testing samples

For horizontal text detection and recognition

ICDAR 2011 [102] Contains 484 natural and
born-digital images

Extension of ICDAR 2003

ICDAR 2013 [103] Contains 229 training samples and
233 testing samples

For horizontal text detection, recognition, and end-to-end recognition

ICDAR 2015 [104] Contains 1000 training samples
and 500 testing samples

For detecting and recognizing text with arbitrary orientation

Street View Text [68] (SVT) Contains 101 training images and
249 testing images which were
captured from Google street view

For text detection and recognition

SVT-Perspective [40] Contains 238 images which
include 639 cropped words

For evaluating perspective text recognition

COCO-Text [105] Contains 63686 images with
173589 annotations

A large challenging dataset for scene text detection and recognition

IIIT5K [106] Contains 2000 training images and
3000 testing images with text in
both natural scenes and
born-digital images

For recognition of regular text

Chars74k [107] Contains 7705 scene images For text recognition evaluation

KAIST [108] Contains 3000 images For text detection and segmentation

MSRA-TD500 [79] Contains 500 images which
include indoor scenes and street
views

The first attempt for oriented text detection

OSTD [109] Consists of 88 images which
include indoor scenes and street
views

For multi-oriented text detection evaluation

Total-Text [110] Contains 1555 scene images with
9330 annotated words, which
include horizontal text,
multi-oriented text and curved
text

For curved text detection and recognition

SynthText in the Wild [17] Contains 800,000 training images A synthetic dataset used for training detectors

CTW-12k [111] Contains 12,263 annotated images For Chinese text localization and end-to-end recognition

Cute80 [112] Contains 80 curved text images For irregular text recognition

CVSI 2015 [83] Contains 15 scripts. English,
Hindi, Bengali, Oriya, Gujrathi,
Punjabi, Kannada, Tamil, Telugu,
Arabic, Malayalam, Chinese,
Thai, Japanese, Korean

For video text script identification

SIW-13 [81] Contains 13 scripts. 16291 images.
Arabic, Cambodian, Chinese,
English, Greek, Hebrew,
Japanese, Kannada, Korean,
Mongolian, Russian, Thai,
Tibetan

For script identification in wild scenes

mization methods [91,92]. Document image binarization is
very challenging due to the non-uniform shading artifacts,
noises caused by paper aging, stains, bleed through and paper
creases, etc. Recently, numerous methods have been made
to address the challenges of document image binarization.
Tensmeyer et al. [93] proposed an FCN-based technique for
document image binarization. In addition, they found that

relative darkness (RD) features treated as an additional input
feature performed best.

Combining deep convolutional neural networks (DCNNs)
with deep transposed convolutional neural networks (DTC-
NNs), Peng et al. [94] advanced document image binarization
by a CNN-based model with the encoder–decoder structure.
They also adopted a fully connected conditional random
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field (CRF) to relabel the confidence maps to improve the
quality of binarized document images. Meng et al. [95] pro-
posed DCNN-based method for degraded document image
binarization. In this paper, they devised an encoder–decoder
network architecture to produce refined binarization results.

Based on Markov random field (MRF) framework, Wang
et al. [66] proposed a binarization method which took into
account the stroke features of text and produced seed pixels
automatically. The highly confident cluster centers can be
acquired via collecting diverse weight seeds.

3.6.4 Vision and language

Text in natural images usually increases the semantic infor-
mation of the scene, so combining the text in the scene with
the visual cues helps to image classification or retrieval.
Various approaches are dedicated to the exploration of this
field. In early years, Ha et al. [96] proposed a textual visual
association model for text-to-image retrieval, which adopted
hypernetwork (HN) model and crossmodal query expansion
with the learned model.

Mishra et al. [97] presented a query-driven search method
for text-to-image retrieval. In this paper, they first located text
approximately in the image and indexed the database for a
set of vocabulary words. Then, they computed scores based
on the presence of characters. Finally, inverted index file was
used to perform retrieval, while the results were re-ranked by
spatial ordering and spatial positioning.

Karaoglu et al. [98] focused on fine-grained classification
and business logo retrieval by combining the textual informa-
tion and visual cues together. They proposed an unsupervised
word-level proposal extractor, which contains two steps. The
formerwas used to locate the text in the image,while the latter
tookword proposals as the input of the recognizer to generate
the word-level representation. Moreover, they thought that
recall rate is more conducive to fine-grained classification
and logo retrieval.

Rong et al. [99] focused on text localization and retrieval
in unambiguous scene. They proposed a recurrent dense text
localization network (DTLN) to decode CNN features into
a variable length set of text instance detections. Then, the
outputs of the DTLN were fed into another proposed model
named context reasoning text retrieval (CRTR), which was
used to retrieve scene text instances via natural language.
They also collected an unambiguous text instance retrieval
dataset for evaluation.

4 Evaluations and comparisons

In this section, we mainly have the following three tasks.
We list and analyze the widely used benchmark datasets,
and then, the evaluation protocols are discussed. Finally, we

further showand compare the performance of some advanced
techniques in public datasets.

4.1 Benchmark datasets

The benchmark datasets play a crucial role in scene text
detection and recognition. Table 1 provides a comprehensive
list of existing benchmark datasets.

As one of the most popular competitions in recent years,
“robust reading” competition provides ICDAR datasets
(2003/05/11/13/15) [100–104]. ICDARdatasets are the com-
monly used datasets which include texts in both image and
video. In addition, Street ViewText dataset (SVT) [68], SVT-
perspective [40], COCO-Text dataset [105], IIIT5K dataset
[106], MSRA-TD500 [79], Chars74k [107], KAIST [108],
OSTD [109], Cute80 [112], RCTW dataset [111] and Total-
Text [26] have collected challenging text due to the complex
background and the diversity of the text in orientation, color,
scale and so on. The details of the mentioned datasets are
given in Table 1.

4.2 Evaluation protocols

In order to promote the research of scene text detection and
recognition tasks, some standardized evaluation protocols
were proposed. In the following content, we will introduce
some widely used evaluation protocols.

4.2.1 Evaluation protocols for Latin text

Evaluation protocol for text detection. From ICDAR robust
reading competitions in 2003 [100], we can see that its eval-
uation system is based on the notions of precision and recall.

The best match m (r , R) for a rectangle r in a set of Rect-
angles R is defined as:

m (r , R) = maxmp
(
r , r ′) |r ′ ∈ R (1)

Then, precision and recall are defined as:

Precision =
∑

re∈E m (re, T )

|E | (2)

Recall =
∑

rt∈T m (rt , E)

|T | (3)

where T is the set of ground truth and E represents the set
of estimated rectangles.

The standard F measure f which is treated as weighted
harmonic mean of the precision and recall figures, is adopted
to evaluate the performance of text detection. It is worth not-
ing that the parameter α is used to control the relative weights
of precision and recall and is usually set as 0.5 to give them
equal weight.
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f = 1
α

Precision + 1−α
Recall

(4)

In the ICDAR robust reading competitions: ICDAR 2011
[102] and ICDAR2013 [103], themethod ofWolf et al. [113]
is employed to evaluate scene text detection approaches. This
evaluation metric takes into account one-to-one matching,
one-to-many matching and many-to-one matching.

Precision, recall and F measure f are defined as:

Precision =
∑N

i
∑|Di |

j MD

(
Di

j ,G
i
)

∑N
i |Di | (5)

Recall =
∑N

i
∑|Gi |

j MG

(
Gi

j , D
i
)

∑N
i |Gi | (6)

f = 2 × Precision × Recall

Precision + Recall
(7)

where |Di | and |Gi | are the number of detection rectangles
and ground-truth rectangles in the i th image, respectively. N
is the total number of samples in the dataset. MD(Di

j ,G
i )

and MG(Gi
j , D

i ) are the matching scores for D j and G j .
Their values are set to 1 for one-to-one matching, 0.8 for
one-to-many matching and 0 for no matching [18].
Evaluation protocol for text recognition. In the competitions
of ICDAR 2011 [102], ICDAR 2013 [103] and ICDAR 2015
[104], to evaluate the word recognition accuracy, they simply
use the edit distance with equal cost of deletions, substitu-
tions and insertions. They normalize the edit distance by the
length of the ground-truth transcriptions and then calculate
the normalized edit distance between the ground truth and
the transcription.
Evaluation protocol for end-to-end system. Karatzas et al.
[104] further improved the protocol. The evaluation strat-
egy considers both the efficiency of text detection and the
capacity of text recognition via precision, recall rate and F
measure.

4.2.2 Evaluation protocols for non-Latin text

Evaluation protocol for MSRA-TD 500 [79]. Because the
dataset contains horizontal and slant texts, the overlap ratio
is defined as follows:

m(G, D) = A(G ′ ∩ D′)
A(G ′ ∪ D′)

(8)

where G ′ is the axis-aligned ground truth rectangle, D′ is the
axis-aligned estimated rectangle. A(G ′∩D′), and A(G ′∪D′)
represents the intersection area and the union area of G ′ and
D

′
, respectively. When the angle between the predicted rect-

angle and the ground truth is less than π/8, and the overlap

ratio is greater than 0.5, it can be considered that the detection
is correct.

Precision = |TP|
|E | (9)

Recall = |TP|
|T | (10)

f = 2 × Precision × Recall

Precision + Recall
(11)

where T P is the set of true positive detection, and E and T
denote the estimated rectangles set and the ground truth set.
Evaluation protocol for RCTW [111].As for text localization,
AP is adopted as the primary evaluation metric. In addition,
F measure is also calculated to be compatible with former
competitions. It should be noted that the intersection-over-
union (IoU) is calculated on polygons rather than rectangles.
As for end-to-end recognition, average edit distance (AED)
is calculated to evaluate method performance. Lower AED
means better performance. In order to be compatible with
other competitions, they also calculate a normalizedmeasure
as follows:

NED(s1, s2) = edit_dist(s1, s2)

max(l1, l2)
(12)

where NED is the normalized edit distance, s1 and s2 denote
the text strings of a matching pair, and l1 and l2 are their text
lengths. Then, the measure is calculated using the following:

1 −
∑n

i=1 NED(si1, si2)

n
(13)

where n is the number of matching pairs.

4.3 Performance of algorithms

The performances of some state-of-the-art algorithms are
given in Tables 2, 3, 4, 5, 6, 7, 8, 9 and 10. Each table gives the
evaluation results of single datasets in scene text detection,
recognition and end-to-end system.

The P, R, F appearing in the table indicate precision, recall
and F measure, respectively. “50” and “1k” are lexicon sizes,
“Full” denotes the combined lexicon of all images in the
benchmarks, and “None” means lexicon-free. It is worth not-
ing that “strong” means the lexicon containing 100 words
specific to each image; “weak” means a lexicon with all
words in the testing set; “generic”means a lexicon containing
90k words.
Performance of scene text detection.With the ICDARdataset,
the precision of current mainstream methods has exceeded
90%, while recall and F measure still have room for fur-
ther improvement. We can see that the performance of most
existing methods on COCO dataset and SVT is still not
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Table 2 Performance of existing methods on ICDAR 2003 (athe
method is not constrained by lexicon)

Algorithm Year 50 Full 50k None

Recognition

Chenga [114] 2017 99.20 97.30 – 94.20

Shia [48] 2017 98.70 97.60 95.50 89.40

Shia [44] 2016 98.30 96.20 94.80 90.10

Leea [45] 2016 97.90 97.00 – 88.70

Jaderberg [51] 2016 98.70 98.60 93.30 93.10

Jaderberga [115] 2015 97.80 97.00 93.40 89.60

Jaderberga [50] 2014 96.20 91.50 – –

Alsharifa [116] 2014 93.10 88.60 85.10 –

Su [42] 2014 92.00 82.00 – –

Mishra [68] 2012 81.78 – – –

Algorithm Year 50 Full None

End-to-end

Jaderberg [51] 2016 91.00 87.00 79.00

Jaderberga [50] 2014 80.00 75.00 –

Wanga [117] 2011 68.00 61.00 –

Table 3 Performance of existingmethods on ICDAR 2011 (themethod
is not constrained by lexicon)

Algorithm Year P R F

Detection

Gupta [17] 2016 91.50 74.80 82.30

Tang [18] 2017 90.20 85.90 88.00

Li [118] 2017 89.20 81.70 85.10

Liao [55] 2017 89.00 82.00 86.00

Tian [22] 2016 89.00 79.00 84.00

Zhong [13] 2017 88.45 88.81 88.63

Huang [12] 2014 88.00 71.00 78.00

Tian [21] 2015 86.24 76.17 80.89

Neumann [49] 2013 79.30 66.40 72.30

Algorithm Year 50 Full

Recognition

Lee [36] 2014 88.00 77.00

Su [42] 2014 91.00 83.00

Shi [33] 2013 87.04 82.87

Algorithm Year None

End-to-end

Jaderberg [51] 2016 77.00

satisfactory due to their extremely challenging. Numerous
CNN-basedmethods are very competitive and achieved state-
of-the-art performance in various benchmarks, e.g., Hu et al.
[119], Zhu et al. [15] and Tang et al. [18]. In addition, con-

Table 4 Performance of existing methods on ICDAR 2013 (athe
method is not constrained by lexicon)

Algorithm Year P R F

Detection

Hu [119] 2017 93.34 87.53 90.34

Zhong [13] 2017 93.00 86.70 89.74

He [120] 2017 92.00 81.00 86.00

Gupta [17] 2016 92.00 75.50 83.00

He [121] 2017 89.00 86.00 88.00

Liao [55] 2017 89.00 83.00 86.00

Zhang [10] 2015 88.00 74.00 80.00

Shi [30] 2017 87.70 83.00 85.30

Algorithm Year None

Recognition

Shia [48] 2017 89.6

Chenga [114] 2017 93.30

Leea [45] 2016 90.00

Jaderberg [51] 2016 90.80

Jaderberga [115] 2015 81.80

Algorithm Year Strong Weak Generic None

End-to-end

Liaoa [55] 2017 91.00 89.00 84.00

Bustaa [122] 2017 89.00 86.00 77.00 –

Gomeza [28] 2017 81.16 79.49 – 68.54

Jaderberg [51] 2016 – – – 77.00

Table 5 Performance of existing methods on ICDAR 2015 (athe
method is not constrained by lexicon)

Algorithm Year P R F

Detection

Zhu [15] 2016 93.39 81.02 86.77

Tang [18] 2017 91.90 87.10 89.50

Li [118] 2017 91.40 80.50 85.60

Wu [123] 2017 91.00 78.00 84.00

Zhou [29] 2017 83.27 78.33 80.72

He [120] 2017 82.00 80.00 81.00

Algorithm Year None

Recognition

Chenga [114] 2017 85.30

Algorithm Year Strong Weak Generic None

End-to-end

Li [118] 2017 91.08 89.81 84.59 –

Bustaa [122] 2017 54.00 51.00 47.00 –

Gomeza [28] 2017 53.30 49.61 – 47.18

Neumanna [53] 2016 35.00 19.90 15.60 –
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Table 6 Performance of existing methods on IIIT5K (athe method is
not constrained by lexicon)

Algorithm Year 50 1k None

Recognition

Chenga [114] 2017 99.30 97.50 87.40

Yanga [47] 2017 97.80 96.10 –

Shia [48] 2017 97.60 94.40 78.20

Jaderberg [51] 2016 97.10 92.70 –

Leea [45] 2016 96.80 94.40 78.40

Shia [44] 2016 96.20 93.80 81.90

Jaderberga [115] 2015 95.50 89.60 –

Gordo [124] 2015 93.27 86.57 –

Almazan [125] 2014 88.57 75.60 –

Table 7 Performance of existing methods on SVT (athe method is not
constrained by lexicon)

Algorithm Year P R F

Detection

Tian [22] 2016 68.00 65.00 66.00

Zhang [10] 2015 68.00 53.00 60.00

Rong [99] 2017 29.00 27.00 28.00

Gupta [17] 2016 26.20 27.40 26.70

Tang [18] 2017 – 76.20 –

Algorithm Year 50 None

Recognition

Chenga [114] 2017 97.10 85.90

Shia [48] 2017 96.40 80.80

Leea [45] 2016 96.30 80.70

Shia [44] 2016 95.50 81.90

Jaderberg [51] 2016 95.40 80.70

Yanga [47] 2017 95.20 –

Gordo [124] 2015 91.81 –

Jaderberga [115] 2015 93.20 91.70

Jaderberga [50] 2014 86.10 –

Almazan [125] 2014 87.01 –

Su [42] 2014 – 83.00

Mishra [68] 2012 – 73.26

Algorithm Year 50 None

End-to-end

Gomeza [28] 2017 85.00 54.00

Jaderberg [51] 2016 82.00 57.00

Jaderberga [50] 2014 56.00 –

nected component also plays a key role in this filed, and Yin
et al. [3], Neumann et al. [4] and other CC-based methods
also work well.

Table 8 Performance of existing methods on MSRA-TD500

Algorithm Year P R F

Detection

Zhou [29] 2017 87.28 67.43 76.08

Shi [30] 2017 86.00 70.00 77.00

Zhang [14] 2016 83.00 67.00 74.00

Wu [123] 2017 77.00 78.00 77.00

He [120] 2017 77.00 70.00 74.00

Turki [20] 2017 72.00 79.00 75.33

Kang [27] 2014 71.00 62.00 66.00

Table 9 Performance of existing methods on COCO

Algorithm Year P R F

Detection

Zhou [29] 2017 50.39 32.40 39.45

He [121] 2017 46.00 31.00 37.00

Hu [119] 2017 45.20 30.90 36.80

Table 10 Performance of methods on multilingual

Algorithm Year P R F

Detection

Cho [5] 2016 93.10 93.50 93.30

Tian [21] 2015 84.70 78.40 81.40

Tian [22] 2016 84.00 80.00 82.00

Zhong [13] 2017 82.45 84.23 83.33

In addition, we also introduce and analyze the efficiency
of previous state-of-the-art approaches in Fig. 12. Zhou et al.
[29], Liao et al. [55], Shi et al. [30], etc., detect texts very fast.
While ensuring the performance of the model, they greatly
reduce the calculation time, which is beneficial to the model
for the real application.
Performance of scene text recognition. CNN-based methods
proposed by Cheng et al. [114] and Jaderberg et al. [51]
show the best performance in ICDAR2003, SVTand IIIT5K.
The approach which combines the TextBoxes and CRNN
[55] achieved the state-of-the-art performance of text spot-
ting and end-to-end text recognition. Moreover, CNN+RNN
framework is quite popular with many previous approaches
[46,48].
Performance of end-to-end system. Gomez et al. [28] per-
formed better than other techniques in SVT, IC03-50 and
IC03-Full. Liao et al. [55] proposed TextBoxes and achieved
the best performance in ICDAR 2013. Similarly, CNN-based
methods occupy an important position.
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Fig. 12 Efficiency of existing methods in scene text detection

5 Discussion

We have made a fundamental survey on scene text detec-
tion and recognition from a methodological point of view.
Numerous approaches have witnessed tremendous efforts
and progresses in recent years. With respect to text detection
and localization, the methods can be roughly classified into
the following categories: connected component (CC)-based
methods, texture-based methods and deep learning-based
methods. Among them, the most representative methods
of CC-based methods are MSER [1] and SWT [2], which
are the basis of various state-of-the-art methods. With the
rapid development of deep learning, a large amount of
approaches [30,31,55,114,122] adopt neural networks and
achieve competitive performance. In addition,multi-oriented
text detection has attracted more interests, because it is
more challenging and practical. As for scene text recog-
nition, CNN+RNN framework [48] is quite popular with
many advances to previous approaches. Moreover, many
approaches [42,43,45,46] take the problem of text recog-
nition as a sequence recognition task. Compared with text
detection or recognition, end-to-end system is more chal-
lenging but has direct practical value. Last but not least, other
contributions such as script identification, text binarization,
text/non-text classification and text-to-image retrieval also
play a crucial role in text reading system.

We discuss several potential trends in this field:

– Complex scene and large-scale dataset: As shown in
Table 9, previous methods work poorly in COCO dataset
due to its complex background and diverse text. There-
fore, to build a system that can satisfy multiple challeng-
ing cases will become the research trend.

– Multilingual detection and recognition: In some cases,
various languages may appear in the same scenario.
Because different languages have strong distinctions in
stroke structure (e.g., Chinese and English), plenty of
existing techniques cannot work well on multilingual

detection and recognition. Therefore, on the one hand,
we can perform script identification firstly and then form
specificmodel to detect and recognize each language sep-
arately. On the other hand, there are some techniques; for
example, Text flow [21] can detect multilingual via a uni-
fied model.

– Real-time detection and recognition: With the explo-
sive growth of mobile device, processing video data in
real time are becoming an increasingly demand. In this
task, the key issue is to optimize the running speed and
save storage, and then establish an advanced end-to-end
system to improve real-time performance, accuracy and
robustness. Of course, several other applications need
real-time process, such as traffic monitoring, web video
and satellite map.

– Visual understanding: Vision and language is an interest-
ing work related to scene text detection and recognition.
Extracting text cues from scene and then recognizing text
contribute to read and understand scene. Some methods
focus on image classification and retrieval via text cues.
For example, Mishra et al. [97] presented a query-driven
search method for text-to-image retrieval. Karaoglu et al.
[98] aim to handle fine-grained classification and busi-
ness logo retrieval by combining the textual information
and visual cues together.

6 Conclusion

This paper mainly described the basic situation of scene
text detection and recognition in both image and video
in three aspects: (1) text detection, (2) text recognition
and (3) end-to-end text recognition system. We focused on
the analysis of new methods and new ideas in the past 5
years. Compared with previous surveys, we paid more atten-
tion to deep learning-based methods. Moreover, we further
introduced and analyzed some other related works such as
script identification, text/non-text classification and text-to-
image retrieval. Meanwhile, several widely used benchmark
datasets and evaluation protocols were listed for reference.
In addition, we also showed and compared the performances
of state-of-the-art methods. Finally, we pointed out several
potential trends in this field.
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