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a b s t r a c t
This paper presents a novel scene text detection method based on conditional random ﬁeld (CRF) framework. We estimate the conﬁdence of Maximally Stable Extremal Region (MSER) being text by leveraging
convolutional neural network (CNN) to deﬁne the unary cost item. In addition, we establish the neighboring interactions for MSERs using four different features including color, shape, stroke and spatial features
to deﬁne the pairwise cost item. Considering the special layout of texts appearing in natural scene images, we employ context information to recover missing text MSER candidates. Furthermore, text MSERs
are grouped into candidate text lines which are veriﬁed with shape-speciﬁc classiﬁers by integrating gray
and binary features. Experimental results on four public benchmark datasets show that the proposed
method achieves the comparable performance.

1. Introduction
With the rapid development of multi-media technology and explosive growth of images and videos, content-based image analysis has been receiving signiﬁcant attention in recent years, and it
has become a crucial component in many computer vision applications such as web image retrieval, license plate recognition, safe
driving, grocery signs identiﬁcation and multi-language translation.
Among all the contents in images and videos, text provides reliable information and can be straightforward understood by human.
Generally, the whole text recognition system includes text detection, text localization, text extraction and text recognition. Text detection and localization are the premises for text extraction and
recognition. The purpose of text detection and localization is to
identify texts and locate text regions.
In the past few decades, the optical character recognition (OCR)
systems have successfully identiﬁed text regions from scanned
document images. However, detecting text precisely and eﬃciently
in natural scene is still a diﬃcult task in view of the following
challenges. (1) Complex background: in natural environment,
background is always unpredictable and complex, which brings
∗
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diﬃculties to distinguish texts from some text-like outliers of the
background components such as grass, windows, bricks, signs and
barriers, etc. (2) Various interference: many interference factors including low resolution, motion blur, distortion and uneven illumination hinder the scene text detection. (3) Diverse texts: texts always appear in unrestricted conditions, leading to plentiful differences in term of color, orientation, font and size for the characters.
Many methods [1–13] have been proposed to deal with text detection and localization and obtained inspiring results. These methods can be divided into two categories: region based methods
[1–6] and connected components (CC) based methods [7–11]. Region based methods ﬁrst generate candidate texts with multi-scale
sliding windows and then estimate the likelihood of being text to
remove non-texts by using various texture features. However, these
methods scan the images at different scales, and thus they exhibit
high computation complexity. CC based methods extract character
candidates by employing hand-crafted features and eliminate false
positives of text CCs through connected components analysis. Then
these character candidates are grouped into words. Nevertheless,
it is diﬃcult to design reliable features to effectively extract character candidates and the retained background components bring
challenges for locating words.
In order to tackle these problems, we propose a CRF based
method for scene text detection using convolutional neural network (CNN) and context information. Given a scene image, we ﬁrst
extract CCs by Maximally Stable Extremal Regions (MSERs) detec-
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tor which has been proved to have strong ability for detecting challenging text patterns, yielding a good recall in component detection [9,10,14]. Then we employ CNN model to ﬁlter out non-text
MSERs from text ones. Moreover, compared with other image identiﬁcation objects such as faces, texts have special layouts in which
adjacent characters have similar properties, such as color, orientation, character shape, etc. Thus, for a given MSER, we can utilize the information of its neighbor MSERs, namely the context information to further reﬁne the detection results. To optimize the
classiﬁcation result of CNN for MSERs, which only considers the
candidate separately and ignores the context information for MSER
candidates, we construct CRF model to incorporate the CNN classiﬁcation scores and neighborhood relationships into a framework.
In addition, we use the context information to recover the missing
texts. Remaining text components are grouped into text lines and
segmented into words with vertical projection. Finally, we design
shape-speciﬁc classiﬁers by combining gray and binary features to
remove the false positives of text lines.
The main contributions of the proposed method are:
(1) To distinguish text components acquired by MSER algorithm
from a large number of non-text ones, we employ CNN to learn
high-level features for MSERs. In contrast with low-level handcrafted features (e.g., HOG) CNN based feature shows superior performance.
(2) A CRF model is constructed to improve the initial MSER
classiﬁcation results. On the one hand, we employ CNN to estimate
the conﬁdence of MSER being text to deﬁne the unary cost. On the
other hand, we use four different features including color, shape,
stroke and spatial features between neighboring MSERs to deﬁne
the pairwise cost.
(3) Context information is adopted to recover the missing texts.
Considering the fact that texts have special layouts in which adjacent characters have similar properties, using context information
could be a good choice to regain the missing texts. The experimental results verify that recovering the missing texts can provide
complementary information to improve the performance.
(4) In view of limited number of training samples and a considerable intra-class variation for text lines, we design shape-speciﬁc
classiﬁers to tackle text lines by integrating gray and binary features.
The remainder of this paper is organized as follows. In
Section 2, we review the related work in natural scene text detection. In Section 3, we introduce the proposed method in detail.
The experimental results are presented in Section 4 and conclusions are drawn in Section 5.
2. Related work
Driven by the wide range of potential applications, in recent
years, text detection in natural scene has sprung up a variety of
thoughts and extensive works [1–11].
Many region based approaches suppose that text regions
have distinctive characteristics including edge strengths, gradient
strengths and texture properties compared with non-text regions.
Text and non-text regions are generally identiﬁed using manually
designed features which are acquired by the methods like Fast
Fourier Transform, wavelet decomposition, SIFT and Histogram of
Oriented Gradients (HOG).
Ye et al. [15] ﬁrst used multi-scale wavelet energy feature to locate all possible text pixels, then selected the effective texture features to represent the texture pattern of a text line and ﬁnally an
SVM classiﬁer was adopted to generate true texts based on the selected features. Lyu et al. [16] utilized two concentric squares (a big
and a small) to scan the edge map for the current scale. They analyzed the background complexity and the edge strength histogram
for the big square to determine the local threshold of the small
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square. Wang et al. [5] detected potential character locations by
performing multi-scale character detection with the sliding window classiﬁcation and used Random Ferns to identify texts. Wang
et al. [6] extracted unsupervised features together with the feature
learned by multi-layer neural network to decide whether the region contained a character or not.
CC based approaches depended on the observation that almost
all characters in scene images can be regarded as a set of components, which can be extracted by edge detection, color clustering, stroke width clustering, etc. Then these components are identiﬁed as characters or not based on a classiﬁer or heuristic rules.
Epshtein et al. [7] calculated the stroke width for each pixel and
grouped neighboring pixels with similar stroke width together to
obtain the CCs as letter candidates. Pan et al. [11] designed a detector to estimate the conﬁdence for text using image pyramid and
took advantage of a graph cut model to eﬃciently ﬁlter out the
non-text components.
In the past few years, MSERs based methods which employ
MSERs as connected components have gained great success. These
methods are based on the observation that there exists remarkable
color contrast between text components and background. Kim’s
method [17] that won the ﬁrst place in ICDAR 2011 scene text detection competition extracted MSERs as CCs and then used cascade
Adaboost classiﬁer to remove non-text. Shi et al. [10] manually designed features to classify MSERs and used MSERs as nodes to construct graph model. Yin et al. [14] proposed an effective pruning
algorithm to extract MSERs as character candidates and grouped
text candidates by single-link clustering algorithm.
Recently, there has emerged a trend of adopting neural network
[18–20] for image classiﬁcation, such as CNN [6,9,21] for scene text
detection. CNN based representation methods have obtained impressive detection results. Huang et al. [9] utilized a convolution
neural network to learn highly robust representations for character components. Zhang et al. [21] leveraged convolutional neural
networks to eliminate false positives produced in text candidate
generation stage to maintain a relatively high performance.
Although some existing methods have achieved promising performances, there remain several problems to be solved. Region
based approaches usually scan an image via sliding window with
multiple scales, which results in a large number of text candidates
(for example, the number can be about O(106 ) for a 640-by-480
image). Thus, these methods present the poor eﬃciency. Besides, it
is troublesome to combine results of different scales together. For
CC based method, candidate characters or text lines have various
shapes and some non-text components are quite similar to texts,
so it becomes very diﬃcult to design reliable features and powerful classiﬁers to distinguish texts from non-text CCs.
Therefore, we propose a CC based method using CRF framework
and context information to robustly detect texts in natural scene
images. Speciﬁcally, we apply CNN to learn powerful representation to distinguish text components from non-text ones. Beyond
that, we construct CRF model by incorporating different information to further optimize the CNN classiﬁcation result. Moreover, the
missing text components are recovered with context information.
Finally, we design shape-speciﬁc classiﬁers by integrating binary
and gray features to reduce the intra-class variance of text lines.
3. The proposed method
This section describes our method in detail. The ﬂowchart of
the proposed text detection algorithm is illustrated in Fig. 1. First,
we extract character components from the input scene image by
applying MSERs detector. Then we construct CRF model which
combines CNN classiﬁcation scores as the unary cost and neighborhood information as the pairwise cost. In addition, the missing
text regions are recovered by using the context information. Then
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Input image
Extract MSERs regions
Fig. 2. The architecture of CNN used for MSERs classiﬁcation.

Construct CRF model

Unary cost

Pairwise cost

Classification with CNN

Shape, stroke, color,
spatial difference

Restore missing texts using context information by local
search
Group text line, segment into words
Remove non-text lines exploring gray and binary line
features with shape-specific classifiers
Detection results
Fig. 1. The ﬂowchart of the proposed method.

the candidate text regions are grouped into text lines which are
segmented into words. Finally, we obtain the detection result by
integrating gray and binary line features with shape-speciﬁc classiﬁers to remove non-text blocks.
3.1. Identify MSER components
3.1.1. Detect MSERs as basic CCs
MSER has been regarded as one of the best region detectors [22], which is invariant to scales and aﬃne intensity changes.
In fact, MSER deﬁnes an especial extremal region as a CC whose
pixels have either higher or lower intensities than its outer boundary pixels. An extremal region is deﬁned as follows:

∀ p ∈ Ri, ∀q ∈ boundary (Ri, )
i f I ( p) ≥ I (q ) or I ( p) ≤ I (q )
then Ri is an extremal region

(1)

where Ri deﬁnes a connected component and I deﬁnes the input
image. The variation (instability) of Ri is deﬁned as:

V ( Ri ) =

|Ri+ − Ri |
|Ri |

(2)

where |R| denotes the number of pixels in R and  is a parameter
of intensity variation. If variation (instability) of an extremal region
|R| is lower than its parent Ri−1 and child Ri+1 [23,24], the extremal
region R is regarded as an MSER. Generally, the size of an MSER
region keeps practically unchanged over a range of intensity levels.
MSER algorithm is appropriate for text detection considering
the fact that pixel intensity or color is relatively uniform in each
text character. While the pixel intensity or color of text is different
from background. Besides, MSER is relatively fast as it can detect
text components in linear time [24]. In the proposed method, each
detected character candidate is represented by a patch. In order to
seek out more text regions and overcome challenging cases such as
low resolution, blur and low contrast, we choose the lowest MSERs
threshold , to be exact, 1 to improve the recall rate. However, in
the meanwhile we also acquire a larger number of non-texts, many
of which are similar to texts.

3.1.2. Score MSER components with CNN
After detecting MSERs, in addition to text areas, there appear
a large number of undesirable non-texts which seriously interfere
the progress of grouping text line. Deep neural network has been
proved to be a powerful tool to learn high-level features [9]. Unlike the hand-crafted features (e.g., HOG) which separately learn
the feature representations for MSERS and estimate the probabilities of being texts using some classiﬁers such as SVM and Random
Forest, CNN model not only can be used as a classiﬁer but also
can learn the features. Therefore we apply CNN to classify these
detected character candidates. In this paper compared with some
low-level features such as hand-crafted features, the high-level features refer to the features that are learned with CNN model. The
comparison of CNN feature and low-level features (HOG feature
and raw pixel feature) is reported in Section 4.2.2.
Similar to [6], we design a CNN architecture consisting of two
blocks and each block contains a convolutional layer and a pooling layer. We test different hyper-parameters of CNN model to improve labeling accuracy via cross-validation and the ﬁnal conﬁguration is illustrated in Fig. 2. The sizes of convolutional ﬁlters are
8 × 8 and 4 × 4 for the two blocks and the numbers of convolutional maps are 64 and 256, respectively. The scales of max pooling layers are 5 × 5 and 2 × 2. The deeper layer is fully connected
layer and a softmax layer. The rectiﬁed linear unit (Relu) [25] is
used to the output of the two convolutional layers and the fully
connected layer. Dropout is applied to the fully connected layer to
prevent overﬁtting and we set the output of each hidden unit to
be zero with probability 0.5. The ﬁnal output of the network is the
probability for each MSER being text. We adopt stochastic gradient descent (SGD) to train the CNN model using the binary MSER
patch images (i.e., the pixels in MSER region are white and others are black) instead of gray images or color images in view of
the fact that judging an MSER as text or not mainly depends on
its shape or contour rather than color. Moreover, it is eﬃcient to
use binary images for the follow-up processes due to small background interference and simple text foreground. The MSER images
are normalized to the size of 32 × 32 before feeding into the CNN.
As shown in Fig. 3, visualized MSER regions are displayed in
ellipses in Fig. 3(b). There are 1451 character candidates detected
by MSER algorithm. In Fig. 3(c), the candidates are displayed in a
conﬁdence map where the scores correspond to the probabilities
of being text generated by CNN. Obviously, our CNN method can
distinguish texts from a large number of non-texts satisfactorily
even for those text-like background, such as bricks, leaves, grass
and windows.
3.2. Construct CRF model for MSERs
Texts have special layouts in which adjacent characters have
similar properties, such as color, orientation, shape, etc. We can
take advantage of the neighbor information of MSERs to improve
the classiﬁcation results of CNN. Although CNN model can distinguish most texts from non-texts, CNN only considers every MSER
in isolation. However, due to the high degree of intra-class variation of scene characters, single information source is not enough to
distinguish text from non-text background. Thus, in order to incorporate CNN and neighbor information into a uniﬁed framework to
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Fig. 3. Result of character candidates generated and labeled using CNN. (a) Original image. (b) MSERs as character candidates. (c) Conﬁdence score.

further optimize the detection results, we construct a CRF model
G = {V, E } for MSER regions. The graph model consists of nodes V
and undirected edges E. Each MSER is regarded as a node in this
graph model and the undirected edges are built for these nodes
which satisfy the following criterion:

where α k denotes the weight assigning to the kth feature fikj which
is related to the ith and the jth MSER components. We design
neighbor features as follows:
• Color measurement



dist (xi ,x j )
<2
min(max(hi , h j ), max(wi , w j ))
&



orienti − orient j  < π

&

min(hi ,h j )
> 0.4
max(hi , h j )

&

min(wi ,w j )
> 0.4
max(wi , w j )

&

fi1j =

6

• Shape measurement

EU (yi |xi , θU ) + λ

i



E S ( y i , y j | x i , x j , θS )

(4)

Let X = {x1 , x2 , x3 , . . .} be the set of MSER components and Y
= {y1 , y2 , y3 , . . .} be the set of labels where yi is the label of xi .
Parameter λ is the weight between the data cost and the pairwise
cost. θ is the parameter related to the model. EU denotes the unary
cost function which measures the inconsistency between inferred
label and true label. ES denotes the pairwise term which reﬂects
the penalties for discontinuity between neighboring MSERs. θ U and
θ S are parameters related to the unary term and pairwise term,
respectively.
We construct the unary cost function by making use of the classiﬁcation score of CNN for each MSER.

EU (yi |xi , θU ) =

fi2j

= 0.5 ×

1 − p(text |xi ), yi = 1
p(text |xi ),
yi = 0

(5)

where p(text|xi ) denotes the conﬁdence of being text generated by
CNN model for the ith MSER. yi deﬁnes the label which we assign
to the ith MSER.
CNN model has strong capability to discriminative texts and
non-texts. However, it is impossible to suﬃciently identify texts
due to unconstrained forms of text or non-text MSERs in scene images. Therefore, we employ various neighbor information as complementary information to measure the penalties for discontinuity
between neighboring MSERs. The rich neighborhood information is
expressed in a pairwise term as follows:

E s ( y i , y j | x i , x j , θs ) =

n

k=1

αk e− fi j
k

(6)



hi − h j 
min(hi , h j )

+ 0.5 ×



wi − w j 
min(wi , w j )

(8)

This feature measures the shape difference for neighbor MSER
components.
• Stroke measurement

i, j



(7)

255

(3)

where xi denotes the ith MSER and dist(xi , xj ) denotes the position
distance between xi and xj . h and w denote the height and width of
an MSER component. orient and gray denote the direction angular
and the average gray value of an MSER, respectively.
The cost function of CRF model is expressed as follows:



(colorip − color jp )2

where colorip denotes the average foreground color of the ith
MSER in the pth channel (R, G, B and gray channel). Characters in
the same word usually have the similar color. This feature measures the color difference for neighbor MSER components.



grayi − gray j  < 30

E (Y |X, θ ) =


p=1,2,3,4

fi3j =



swi − sw j 
min(swi , sw j )

(9)

where swi denotes the average stroke width of the ith MSER. Here,
we adopt the idea of [26] to calculate the stroke width by Euclidean distance transform which is applied to compute the distance for each foreground pixel to its nearest background pixel in
a binary MSER patch.
• Spatial measurement


fi4j

=

( xi − x j )2 + ( yi − y j )2
min(wi ,w j )

(10)

where xi and yi denote the spatial locations of centroids for the ith
MSER and the jth MSER. This feature reﬂects the spatial distance
of two neighbor MSERs.
Considering the speed and performance, we minimize the cost
function using min-cut/maxﬂow algorithm [27].
As shown in Fig. 4, we present the process of constructing CRF
model. Each MSER region is marked with green rectangular box in
Fig. 4(a). Neighbor system is expressed with blue line in Fig. 4(b).
Clearly, it is reliable for us to build edges for candidates using the
proposed criterion. In Fig. 4(c), we construct CRF model for MSER
regions. A text node and a non-text node are created and each
candidate component is connected to the two nodes. The edge between the text node and the candidate represents the cost of being
text and the edge between the non-text node and the candidate
represents the cost of being non-text.
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Fig. 4. The process of constructing CRF model for MSERs. (a) MSERs detected in original image. (b) Generating neighborhood system. (c) Scheme of CRF model. In (b),
connected with blue line, two candidates represent a pair of neighborhood items, and there is an undirected edge between them in the graph model. In order to brieﬂy
explain the process of constructing the CRF model, we only use a part of MSER candidates to display the CRF model in (c). Red line represents the cost of a candidate
belonging to text and green line represents the cost of a candidate belonging to non-text. We use CNN model to calculate the cost for each MSER candidate being text (red
links) and non-text (green links). In order to view brieﬂy, we omit the neighborhood system in (c). (For interpretation of the references to color in this ﬁgure legend, the
reader is referred to the web version of this article.)

Table 1
The description of constrains used for recovering the missing text
regions using context information.
Description of constrains
1
2
3
4

max(hmissing , hno−missing )
<= 2
min(hmissing , hno−missing )
hmissing wmissing
,
) <= 5
max(
wmissing hmissing
max(areamissing , areano−missing )
<= 8
min(areamissing , areano−missing )
max(strokemissing , strokeno−missing )
<= 1.5
min(strokemissing , strokeno−missing )

5



graymissing , grayno−missing  < 15

6

hmissing > 6 & hmissing < 0.8H

7

wmissing < 0.8W

8



orientmissing , orientno−missing  < 40o

9

dist (centermissing , centerno−missing )
<2
min(max(hmissing , wmissing ), max(hno−missing , wno−missing ))

10

Ptext > α

3.4. Group characters into text line
Most non-texts have been removed after the previous steps,
which results in grouping characters into text line painlessly. We
apply hierarchical clustering to group characters. Two character
candidates will be grouped into a pair if they satisfy the deﬁned
criterions, and two pairs will be merged if they share the same
character which is their initiatory or terminative element. This process ends when no character can be merged.
In our experiments, we assume that the text lines are horizontal or slightly tilted. Here, different from [7,28], our method does
not discard the text chains which consist of less than 3 characters,
because it may appear the case that there are only 1 or 2 letters
in some scene images. The criterion of hierarchical clustering is described in detail as follows:



max

hi h j
,
h j hi



&

max

wi w j
,
w j wi



3.3. Recover missing text with context information
Some text regions may be discarded after above steps. In consideration of the special layout structure of texts in scene images
that text components are very likely to gather together, using context information could be a good choice to recover the missing
texts. We search the surroundings of the retained text components
after using CRF model and apply ten strict context constrains to
regain the missing texts. For a missing text area and existing text
area, if all the following constraints are satisﬁed, the missing text
area will be recovered as a candidate character. The constrains are
shown in Table 1, where area, stroke and center deﬁne the area
size, stroke width and central coordinate for an MSER component,
Ptext denotes the probability of being text obtained with CNN and α
denotes the threshold. Note that, the footnotes “missing” and “nomissing” represent the missing texts and retained texts after using
CRF model, respectively. All parameters in the context constrains
have been adjusted by optimizing the performance on the ICDAR
2011 training set.
As shown in Fig. 5, (a) is the original scene image. In Fig. 5(b),
the top two lines highlighted with green rectangular boxes have
missing MSER components. In Fig. 5(c), the two missing characters
“i” and their corresponding text MSERs (“u”, “r”, “s”, “t” and “n”,
“f”) meet the context constrains, and we highlight them with red
and blue dashed boxes, respectively. The missing characters have
been recovered after using context information in Fig. 5(d).

< 2.5
< 3.5

Mstrokei Mstrokej
,
Mstrokej Mstrokei

&

max

&

Maxdist(rowi , row j )
< 0.8
mean(hi , h j )

&



< 2.5

Maxdist (coli , col j )
< 3.5
mean(wi , w j )

2
(Mcolorik − Mcolorkj ) < 150

(11)

k=1,2,3,4

where Mstrokei denotes the median value of stroke width of the
ith character candidate. Maxdist(rowi , rowj ) and Maxdist(coli , colj )
denote the maximum row distance and the maximum column distance between the ith and the jth candidates. Mcolori k refers to
the median color value of the ith candidate in the kth channel (including R, G, B and gray). Speciﬁcally, in order to group character
candidates into one text line as much as possible, compared with
row distance we choose a larger threshold of column distance considering that there are some missing characters after the previous
steps (an example is shown in Fig. 6(b)).
3.5. Partition text lines into words
The public datasets provide the ground truth in word level, and
therefore we split text lines into separate words. It is possible for
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Fig. 5. The procedure of recovering the missing characters using context information. (a) Original scene image. (b) Detection result before recovering missing MSERs . In (c),
according to the context constrains, the missing characters can ﬁnd their corresponding text MSERs. The missing characters have been recovered using context information
presented in (d). (For interpretation of the references to color in this ﬁgure, the reader is referred to the web version of this article.)

Table 2
Rules for classifying text line.
Textline type

Rulers

Thin
Square
Long

ratio ≤ 0.5
ratio > 0.5 & ratio < 2
ratio ≥ 2

Fig. 6. The process of partitioning text lines into words using Canny edge image.
(For interpretation of the references to color in this ﬁgure, the reader is referred to
the web version of this article.)

us to use Canny edge image [29] to partition the text line into
words. The reasons are listed as follows: (1) using Canny edge on
the whole image is diﬃcult because of complex background, while
in the text line region, the interference of background is less severe, and (2) compared with binary text line, Canny edge image
can retain the original information of a scene image, so that it can
alleviate the inﬂuence of missing characters (an example is shown
in Fig. 6(b). If we use binary text line rather than Canny edge image, the word “SERVICE” can be divided into two words).
We employ vertical projection to compute the intervals between each pair of adjacent letters and we classify it as one of the
two classes: intra-word or inter-word. The intervals inside the intra word tend to be constant, and therefore if the interval between
a pair is obviously larger than others, the pair belongs to different
words. Fig. 6(a) illustrates a partitioning example where characters
are not discarded. Fig. 6(b) presents a partitioning example where
one character is discarded. The two red lines indicate a larger interval between different words. The yellow line indicates that an
intra-word interval is misclassiﬁed as the inter-word interval using
the binary image.
3.6. Remove false positive
Although most non-text lines have been eliminated after
before-mentioned steps, there are still some background components to be judged as words, which effects the detection performance directly. For the purpose of removing the false positive text
components, we integrate the features obtained from word candidates in the form of binary image and gray image after Section 3.5.

Fig. 7. Example of candidate text lines. (a) The type of thin. (b) The type of square.
(c) The type of long. The binary images are located on the left and the gray images
are located on the right.

The motivations for integrating the information of binary and gray
images are that: (1) candidate word regions in binary images may
lose some characters while gray images reserve original text information, and (2) gray images suffer the interference of complex
background while binary images decrease the disturbance. Furthermore, in order to enrich the training samples, we reverse the gray
channel to create synthetic samples (e.g., if the gray intensity of
original images is 255, the reverse gray intensity equals to 0.).
Besides, motivated by the work of [30] which adopts manually
designed rulers to label MSER patches using some ﬁxed thresholds
to enhance the detection performance, we design shape-speciﬁc
classiﬁers to decrease the intra-class variance of text line candidates. Given a candidate text line, it is labeled as one of the three
types according to the rules in Table 2. “ratio” denotes the rate of
width and height. We also try to use other threshold values in the
classiﬁcation rules in our experiment, and ﬁnd that the threshold
values do not play a decisive role in our method for the detection
performance. Several text line samples are shown in Fig. 7. Because
of the limited training samples of text line images, we employ HOG
feature [31] instead of CNN feature.
For candidate word lines with the types of thin or square, we
resize them to 32-by-32 to extract the HOG feature with 324-D for
the binary and gray images. While for word lines with the shape of
long, considering the greater intra-class difference between them,
we design multi-level features from local to global for binary and
gray images.
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Table 3
Detection rates of MSER on different channels on ICDAR
2011 dataset.

For the global feature, we resize the candidate word line to 32by-64 to extract the HOG feature for the binary and gray images.
For the local feature, we normalize it with height of 32 keeping
the aspect ratio, and then we obtain sub-images of the size 32-by32 by scanning with the step of 16 pixels for the binary and gray
images. Speciﬁcally, we calculate the conﬁdence score for a word
line containing n sub-images as follow:

con f =

n


pi

(12)

i=1

where pi is the probability estimated using a classiﬁer.
We choose Random Forest [32] as the classiﬁer to obtain the
conﬁdence due to its better generality performance and fast speed.
We adopt the idea of ensemble learning to integrate the conﬁdences of binary and gray features with shape-speciﬁc classiﬁers.
The ﬁnal score for a candidate word line can be expressed as follows:

O = wb ob + wg og

(13)

Method

Character number

Detection rate (%)

MSER(Gray)
MSER(RGB)

4617
4660

96.50
97.40

true positives and all true texts that should be detected. F-measure
is the harmonic mean of Precision and Recall. In our experiment,
Precision, Recall and F-measure are deﬁned as follows:



i

P recision =

Recall =

j

MatchD (Di , G, tr, t p)
|D|

MatchG (G j , D, tr, t p)

F -measure =

|G|

(14)

1
α
+ recall
precision
α

where O denotes the ﬁnal score for a candidate word, and wb and
wg represent the weights for binary and gray features. ob and og
denote the text scores with Random Forest for binary and gray features. According to the classiﬁcation accuracy of binary and gray
features on development dataset, wb and wg are set to 0.47 and
0.53. If O is less than the threshold of 0.5, we remove the candidate word as a false positive.

where MatchD and MatchG are the functions considering different
types of matches, the values of which are set as 1, 0.8 and 0 for
one-to-one, one-to-many and no match, respectively. G and D denote the ground truth rectangle set and detection rectangle set, respectively. tr ∈ [0, 1] is the constraint on area recall and tp ∈ [0, 1]
is the constraint on area precision. The typical values of tr and tp
are 0.8 and 0.4, respectively. In order to give the same weight to
precision and recall, α is set to 0.5.

4. Experimental results

4.2. Experimental results and discussions

In order to evaluate the proposed method, we use several
widely cited benchmarks for scene text detection: ICDAR 2005 text
localization competition dataset [33], ICDAR 2011 text localization
competition dataset [17], ICDAR 2013 text localization competition
dataset [34] and Street View Text (SVT) dataset [5].

In this section, we compare the proposed method with other
methods on four public datasets.

4.1. Datasets and evaluation protocols
In our experiment, we evaluate the proposed method on ICDAR
2005, ICDAR 2011, ICDAR 2013 and SVT datasets, and we follow the
standard protocols in the detection domain.
ICDAR 2005 dataset. The dataset consists of 258 training images
and 251 testing images. These scene images are presented with
high illumination variability and perspective problems. Characters
in these images include English and numeral.
ICDAR 2011 dataset. The dataset contains 229 training images
and 255 testing images and is inherited from ICDAR competitions [33,35]. However, due to some problems in ICDAR 2005
dataset, such as imprecise bounding boxes, inconsistent deﬁnitions
of “word”, ICDAR 2011 dataset has been modiﬁed.
ICDAR 2013 dataset. The ICDAR 2013 dataset is a portion of ICDAR 2011 dataset. A small number of repeated images of ICDAR
2011 dataset over training and testing sets have been removed.
Some characters are deﬁned as “don’t care” regions in the ground
truth and a part of ground truth has been updated. There are 229
training images and 233 testing images.
SVT dataset. The Street View Text dataset consists of 249 low
resolution images harvested from Google Street View of outdoor
scenes. The dataset is more challenging because text is presented
with a lot of noise and contains many repeating structures. Moreover, different from ICDAR datasets, the ground truth of SVT only
annotates a part of real words.
Evaluation protocols. There are three criterions: Precision, Recall
and F-measure to evaluate the scene text detection methods. Precision measures the ratio between all detections and true positives
which have been detected, and Recall measures the ratio between

4.2.1. Evaluation of extracting MSERs
Since extracting MSERs is a crucial and initial step in the whole
experiment and plays a meaningful role for the subsequent detection, we ﬁrst evaluate the ability of extracting MSER as character
candidate. Speciﬁcally we measure the character detection rate on
ICDAR 2011 training dataset. There are 4786 characters (it also contains some symbols, such as “(”, “)”) appearing in the ground truth.
So as to detect more MSERs in the step, we set the MSER threshold
equaling to 1 to improve the recall rate as much as possible.
As shown in Table 3, 96.5% of all the characters are detected
as MSER components in gray channel for the origin image. While
in the RGB channels, it detects about 97.4% of all the characters.
However, the detection time of RGB channels is about three times
of that of gray channel. In consideration of the eﬃciency of detection method, MSER components are detected only in gray channel.
Preliminary MSER detection produces a large number of candidate
items. There are about 375 candidates on average which are obtained in gray channel of origin image with the size of 640-by-480.
4.2.2. Evaluation of labeling MSERs with CNN
In order to distinguish text MSERs from non-text ones using
the CNN model, we generate a large scale of MSER sample set
from natural images. All training samples are extracted and labeled from the training set of ICDAR 2003, ICDAR 2011, SVT and
Chars74K [36] datasets by choosing the lowest MSER threshold 
equaling to 1. As ICDAR 2013 dataset and ICDAR 2011 dataset share
the same training set, we only choose ICDAR 2011 dataset. Considering the limited training samples, we also add synthesized images
which are generated by rotating MSER patches to some degrees
(two rotations to the right and left, 5° and 10°, respectively) from
these training dataset. It should be noted that in addition to single
character MSER, we also add sticky characters as training samples.
The positive and negative training samples are roughly 40 0,0 0 0 for
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Fig. 9. Text detection performance of different features in the pairwise cost.
Table 5
Evaluation of CRF model.
Fig. 8. Some examples of MSERs for training. (a) Single character MSERs. (b) Rotated character MSERs. (c) Connective character MSERs. (d) Non-text MSERs.
Table 4
The performances of different features for MSERs.
Feature

Text MSER (%)

Non-text MSER (%)

1024-D pixel
9-D HOG
324-D HOG
256-D CNN

78.94
61.89
83.79
92.56

83.58
74.75
85.96
94.93

both in total. We set the maximally stable extremal regions white
and the rest black for a detected MSER patch. Some MSER training
images are shown in Fig. 8.
In the experiment, the original binary MSER patch is normalized to the ﬁxed size of 32-by-32. We compare the performances
of four different features: 1024-D pixel feature referring to the
pixels intensity values arranged in rows, 9-D HOG feature on the
whole MSER patch which only has one block with 9 bins, 324D HOG feature obtained in 4 blocks by linking 9-D bins in 8by-8 image cell scanned with 4 pixels and 256-D CNN feature.
In the experiment we use SVM [37] to classify pixel feature and
two HOG features, and CNN feature is evaluated using the output
layer of our CNN framework. The comparative results are shown in
Table 4. Compared with the pixel feature and two HOG features,
CNN leverages convolutional layers to extract more spatial information and pooling layers to reduce noise. From the comparative
results in Table 4, CNN feature achieves a signiﬁcant performance
boost, demonstrating that CNN feature is a more discriminative
feature to distinguish text MSERs from non-text MSERs compared
with hand-crafted features.

4.2.3. Evaluation of CRF model
We ﬁrst evaluate four features of the pairwise cost in the CRF
model, including color, shape, stroke and spatial. The performances
are assessed on ICDAR 2011 dataset. Here, we do not implement
the process of recovering missing text with context information.
The results are shown in Fig. 9 and we can draw the following
conclusions. When all the four features are integrated into the
pairwise cost, we can achieve the best performance of F-measure
0.753 and different single features have various degrees of effectiveness to distinguish text candidates. Among the four single features, stroke and spatial features perform better than color and
shape.

Method

Precision

Recall

F-measure

324-D HOG
CNN
CNN + CRF

0.715
0.813
0.839

0.565
0.672
0.683

0.631
0.736
0.753

Fig. 10. Two examples to explain the effectiveness of CRF model. (a) MSER detection results. (b) Classifying MSERs with CNN. (c) Classifying MSERs via CRF model.
(For interpretation of the references to color in this ﬁgure, the reader is referred to
the web version of this article.)

In addition, in order to evaluate the effect of CRF model for
overall detection performance, we compare the two processes of
identifying text MSERs with CNN and further optimization with
CRF on ICDAR 2011 dataset using the same subsequent processing. We also reported the performance of 324-D HOG and regard it as the baseline. The results are showed in Table 5. As we
can see, compared with HOG, CNN achieves a signiﬁcant performance boost. Moreover, CNN+CRF obtains better F-measure than
CNN, showing the effectiveness of CNN+CRF for the overall detection performance. The reason lies in that CRF model considers the
CNN classiﬁcation score as unary cost term, and moreover incorporates the spatial contextual information of each MSER.
Some of the MSERs classiﬁcation results with CNN and CRF
model are shown in Fig. 10. As we can see, although some MSERs
marked in red rectangles in Fig. 10(b) are incorrectly classiﬁed with
CNN, the ﬁnal MSERs classiﬁcation result in Fig. 10(c) using CRF
model is reﬁned.
4.2.4. Evaluation of recovering missing text
In our method, we recover missing text with context information. In this section, we evaluate the effectiveness of this step.
We ﬁrst compare the processes of labeling text MSERs by CNN
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Table 6
Performance of recovering missing text for detection.
Method

Precision

Recall

F-measure

CNN
CNN + Context
CNN + CRF
CNN + CRF+ Context

0.813
0.809
0.839
0.850

0.672
0.691
0.683
0.700

0.736
0.745
0.753
0.770

Table 7
Comparison of using different text line features on ICDAR 2011 dataset.
Text line

Precision

Recall

F-measure

Binary
Gray
Binary + Gray

0.802
0.828
0.850

0.681
0.690
0.700

0.737
0.753
0.768

and retrieving missing texts with context information (i.e., “CNN
+ Context”). Then we also compare the results of “CNN + CRF”
and the proposed method containing all processes (i.e., “CNN +
CRF+ Context”). These experiments have been conducted on ICDAR
2011 dataset using the same subsequent processing. The results are
showed in Table 6.
For the ﬁrst two lines of Table 6, in contrast to the performance
of CNN, the result of “CNN + Context” shows that the Recall improves greatly (about 2%). However, the Precision drops a little.
The reason lies in that when recovering the missing texts we also
retrieve some non-text MSERs mistakenly. While for the last two
lines of Table 6, compared with “CNN + CRF”, “CNN + CRF+ Context” achieves better Precision and Recall. The reason lies in that
CRF model further reﬁnes the classiﬁcation of CNN by removing
more non-text components and reserving the text ones. The comparison in Table 6 shows the necessity of recovering missing text
and also further demonstrates the effectiveness of CRF model for
overall detection performance.
4.2.5. Evaluation of removing false positive
We ﬁrst assess gray and binary features used for classifying text
lines in our method. The result is shown in Table 7. We can see
that the performance of integrating gray and binary features is superior to either one of them separately, which reveals that gray
and binary features are complementary to identify candidate text
lines.
Furthermore, in order to verify the effectiveness of the proposed shape-speciﬁc classiﬁers for distinguishing text lines from
non-text ones, we compare four different strategies to tackle the
text line candidates. Speciﬁcally, the four strategies include that:
(1) we resize all the candidates to 32-by-32 to generate images of
square shape; (2) all the candidates are normalized to 32-by-64 to
obtain images of long shape; (3) similar to (2), we also normalize the candidates to 32-by-64, while we scan the text line image
with the step of 16 pixels to obtain a series of sub-images of size
32-by-32. The detailed introduction is described in Section 3.6; (4)
we adopt the proposed shape-speciﬁc classiﬁers to deal with the
text line image. The rules for classifying text line shape is summarized in Table 2. For all text line images, we integrate the binary
and gray features. The comparison is shown in Table 8. As we can
see, the performance of 32 × 64 outperforms that of 32 × 32 due
to the fact that text line images generally contain several characters, so text line images have the shape of long in most cases,
which retains more information to identify the candidates than the
shape of square. We also observe that the method of splitting the
whole text line image into sub-images works better than directly
resizing the whole text line image to 32 × 64, because small subimages can further decrease intra-class variance for text line candidates. Finally, the proposed method achieves the best performance,

Table 8
Performance of shape-speciﬁc classiﬁers using binary and gray
features on ICDAR 2011 dataset.
Text line

Precision

Recall

F-measure

32 × 32
32 × 64
32 × 64+sub-images
Shape-speciﬁc classiﬁers

0.822
0.814
0.862
0.850

0.566
0.647
0.675
0.700

0.670
0.721
0.757
0.768

Table 9
Comparison performance with other methods on ICDAR 2005
dataset.
Methods

Precision

Recall

F-measure

Zhao et al. [38]
Our method
Huang et al. [9]
Koo et al. [39]
Lee et al. [41]
Pan et al. [11]
Wang et al. [42]
Yao et al. [43]
Epahtein et al. [7]
Chen et al. [26]
Neumann and Matas [40]
Yi and Tian [44]

0.87
0.83
0.84
0.78
0.66
0.67
0.77
0.69
0.73
0.73
0.65
0.71

0.67
0.69
0.67
0.65
0.75
0.70
0.61
0.66
0.60
0.60
0.64
0.62

0.76
0.75
0.75
0.71
0.70
0.69
0.68
0.67
0.66
0.66
0.63
0.63

Fig. 11. Some text detection results for ICDAR 2005 dataset.

demonstrating the effectiveness of designing shape-speciﬁc classiﬁers to distinguish the text lines from non-text ones.
4.2.6. Comparison with other methods
We evaluate the performance of our method on ICDAR 2005
dataset using the evaluation scheme of [33,35]. The comparative
results are shown in Table 9 in which the results of other methods are obtained from their corresponding papers. Our method
achieves Precision 0.83, Recall 0.69 and F-measure 0.75 and outperforms most of approaches on ICDAR 2005. Compared with the
state-of-the-art algorithm of [38], the proposed method achieves
competitive performance. Speciﬁcally, our method works better
than the methods [26,39,40] which adopt MSER algorithm to extract character candidates. Note that, the method [9] also uses CNN
to distinguish text MSERs from non-text MSERs and achieves the
same F-measure as ours. Some detection results of ICDAR 2005
dataset are shown in Fig. 11. It is worth noting that in Tables 9–12,
we highlight our results in bold to compare with the other methods.
We further conduct the experiment on ICDAR 2011 dataset with
the evaluation scheme [17], which is introduced in [45]. A comparison of the proposed method and previous works is shown in
Table 10 in which the results of other methods are quoted from
their corresponding papers.
We can see that the proposed method receives the competitive
text detection performance on ICDAR 2011 dataset with [9,21,38].
The Precision, Recall and F-measure are 0.85, 0.70 and 0.77, respectively. To be highlighted, our method performs signiﬁcantly bet
ter than Kim s method [17] (the ﬁrst place of ICDAR 2011 Robust
Reading Competition) which extracts MSERs as CCs and uses cascade Adaboost classiﬁer to remove non-text. Besides, our method
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Table 10
Comparison performance with other methods on ICDAR 2011
dataset.
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Table 11
Comparison performance with other methods on ICDAR 2013
dataset.

Methods

Precision

Recall

F-measure

Methods

Precision

Recall

F-measure

Zhang et al. [21]
Zhao et al. [38]
Huang et al. [9]
Our method
Yin et al. [14]
Koo et al. [39]
Wang et al. [46]
Ye et al. [47]
Yao et al. [48]
Shi et al. [10]
Neumana and Matas [49]
Ren et al. [50]
Kim [17]
Yi and Tian [44]
Wang et al. [51]
Wang et al. [42]

0.84
0.88
0.88
0.85
0.86
0.81
0.81
0.89
0.82
0.83
0.79
0.78
0.83
0.81
0.73
0.71

0.76
0.69
0.71
0.70
0.68
0.69
0.68
0.62
0.66
0.63
0.66
0.67
0.62
0.72
0.67
0.57

0.80
0.78
0.78
0.77
0.76
0.75
0.74
0.73
0.73
0.72
0.72
0.72
0.71
0.71
0.70
0.63

Zhang et al. [21]
Neumana and Matas [52]
Our method
Wu et al. [53]
USTB_ TexStar [34]
Text_ Spotter [34]
Wang et.al [46]
CASIA NLPR [34]
Ren et al. [50]
Yin et al. [54]
Text Detection [55]
TH-TextLoc [34]
Wang et al. [42]

0.88
0.82
0.87
0.84
0.88
0.88
0.82
0.79
0.81
0.84
0.66
0.70
0.77

0.74
0.72
0.68
0.70
0.66
0.65
0.68
0.68
0.67
0.65
0.75
0.65
0.60

0.80
0.77
0.76
0.76
0.76
0.74
0.74
0.73
0.73
0.73
0.70
0.68
0.68

is comparable to Zhang et al. [21] which employs the symmetry
property of characters to extract text lines and uses CNN classiﬁers
to eliminate false positives. However, the work of [21] performs
the symmetry-based text line detection approach at multiple scales
and thus brings large time cost. While our system offers speed advantage over the method of Zhang et al. [21]. The comparison of
time cost is discussed in Section 4.2.7. The proposed method also
performs better than the method of Ren et al. [50] which employs
CNN model containing a text structure component detector layer, a
spatial pyramid layer and a multi-input-layer deep belief network
(DBN) for scene text detection.
The proposed method uses MSERs as character candidates, and
thus we compare some related methods [9,10,14,17,39,47,49] with
ours on ICDAR 2011 dataset. Note that, Huang’s et al.
method [9] takes advantages of both CNN conﬁdent map of
MSERs and sliding window to obtain the detection results. This
is different from our method which incorporates CNN scores of
MSERs and neighbor features into the CRF model. The overall
performances of the proposed method are similar to those of
[9] on both ICDAR 2005 and ICDAR 2011 datasets.
Compared with the MSERs based methods [10,14,17,39,47,49] in
Table 10, which use hand-crafted features or conventional classiﬁers (e.g., AdaBoost classiﬁer) to classify text and non-text MSER
components, the proposed method has a larger improvement on
text detection performance. It indicates that CNN has advantages
in leveraging the powerful discrimination ability to identify candidate text regions. In addition, we implement constructing CRF
model and recovering the missing texts to further improve the precision and recall and the experimental results also demonstrate the
effectiveness of the two steps.
In order to evaluate the performance on recent dataset for natural scene text detection, the proposed method is also evaluated on
ICDAR 2013 dataset using the evaluation scheme [56]. The comparisons with other methods are listed in Table 11 in which the results of other methods are obtained from their corresponding papers. Because there is only little difference between ICDAR 2013
and ICDAR 2011 dataset, except for removing duplicate images and
joining “don’t care” regions in the ground truth, the overall detection performance of our method is similar to that of ICDAR 2011
dataset. The proposed system achieves the promising performance
(Precision = 0.87, Recall = 0.68 and F-measure = 0.76) on this
dataset.
Similar to ICDAR 2011, Zhang’s et al. method [21] works better than the proposed method. The method of Neumann and
Matas [52] also slightly outperforms our method by improving
the F-measure from 0.76 to 0.77. On ICDAR 2013 dataset our

Table 12
Comparison performance with other methods on SVT 2011 dataset.
Methods

Precision

Recall

F-measure

Zhao et al. [38]
Our method, trained
on ICDAR 2011 dataset
Wang et al. [5]
Yu et al. [57]
Neumann and Matas [58]

0.65
0.37

0.39
0.47

0.49
0.41

0.67
0.27
0.19

0.29
0.35
0.33

0.41
0.31
0.24

method still works better than Ren et al. [50]. To be highlighted,
our method achieves the same performance as USTB_ TexStar
[34] (the ﬁrst place of 2013 ICDAR Robust Reading Competition)
and is slightly higher than Text_ Spotter [34] (the second place of
2013 ICDAR Robust Reading Competition). Overall, the consistent
promising performances of the proposed method on ICDAR 2005,
ICDAR 2011and ICDAR 2013 demonstrate the effectiveness and generality of our method.
Some successful detection results on ICDAR 2011 dataset and
ICDAR 2013 dataset are presented in Fig. 12, which suggests that
our detection system is robust against variations in text color, size,
font and geometric distortion. Some failure detection results are
shown in Fig. 13 and our method may fail in some complex conditions as follows: (1) weak contrast (Fig. 13(a) and (b)). Due to
the weaker contrast of texts on the right mansion than the left in
Fig. 13(b), the right text regions are discarded while the left are retained; (2) exaggerated art typefaces (Fig. 13(c) and (d)). Texts with
unusual art fonts are more easily misclassiﬁed as background; (3)
very strong illumination (Fig. 13(e)). Texts with weaker illumination can be retained, while those with very strong illumination are
discarded in Fig. 13(e); (4) too small texts (Fig. 13(e) and (f)).
The proposed method is also evaluated on SVT dataset. We
still use the same parameters of ICDAR datasets for SVT dataset
and the evaluation scheme [35] is employed. The detection performance is listed in Table 12 in which the results of other methods
are quoted from their corresponding papers. Due to more complex
texts and background (low resolution environment, blur, many repeating structures, etc.), the result is poorer than that on the three
ICDAR datasets.
As shown in Table 12, our method has the highest recall, but
slightly lower precision. It is worth mentioning that the ground
truth for SVT dataset only annotates a part of words for images.
Some detection results are shown in Fig. 14 where these detections are consistent with the annotations of ground truth. We show
the examples not consistent with the annotations in Fig. 15. All
ground truth and detection results are highlighted with red rectangular boxes and green rectangular boxes, respectively. It is obvious that our method can detect all the words in the natural images correctly, but the ground truth only labels a part of words.
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Fig. 12. Some text detection results for ICDAR 2011 and 2013 dataset.

Fig. 13. Some failure detection results acquired by the proposed method for ICDAR
dataset.

Fig. 15. Some detection results not consistent with ground truth for SVT dataset.
Ground truth (a)(c) and corresponding detection results (b)(d) are highlighted with
red rectangular boxes and green rectangular boxes. The failure examples are shown
int the last row. (For interpretation of the references to color in this ﬁgure legend,
the reader is referred to the web version of this article.)

Fig. 14. Some detection results consistent with the ground truth for SVT dataset.

Due to inaccurate annotations, these detected words are regarded
as non-text blocks, thus causing a great fall in our precision. If all
the words are labeled accurately, we can get a better F-measure.
4.2.7. Time complexity analysis
We use Matlab (with C/C++ mex functions) as our implementation software and run the proposed method on the workstation
(Intel(R) Core(TM) i5-2400 CPU, 3.1GHz, 8G RAM and Windows 64-

bit OS) for all the experiments. MatConvNet [59] is used to train
the CNN model.
We ﬁrst compute the average time cost of each step of the proposed method on ICDAR 2011 dataset. The results are shown in
Table 13. Clearly, we observe that the two steps of constructing
CRF model and removing false positive takes longer time than others due to the fact that: (1) CRF need to calculate the neighborhood features for each MSER and further minimize the cost function to obtain the optimization results, and (2) the step of removing false positive need to judge the shape of text line according to
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Table 13
Average time cost of each step of the proposed method on ICDAR
2011 dataset.
Method

Time (s)

Detecting MSERs as basic CCs
Scoring MSER components with CNN
Constructing CRF model for MSERs
Recovering missing text with context information
Grouping characters into text line
Partitioning text lines into words
Removing false positive
proposed method

0.100
0.350
0.500
0.180
0.360
0.077
0.500
2.067

Table 14
Comparison of average time cost for the proposed method and other methods on ICDAR
2011 dataset.
Method

Time (s)

Yao et al. [48]
Shi et al. [10]
Proposed method
Yu [57]
Wu et al. [53]
Zhang et al. [21]

1.0
1.5
2.1
5.2
8.0
30.0

the shape-speciﬁc classiﬁers and extract HOG features of the binary and gray images.
In addition, we also compare the time complexity of the proposed method with other methods. The results are illustrated in
Table 14. We highlight our results in bold. The time cost of the
proposed method is comparable with [10,48] whose performances
are lower than ours (see Table 10). The processing eﬃciency of our
method is obviously higher than Zhang et al. [21] which adopts the
region based approach to scan tens of scales to obtain the text candidates for a given image. The step of detecting MSERs only takes
0.1s in the proposed method, demonstrating MSER is relatively fast
to extract the character candidates. We believe that the processing eﬃciency of the proposed method can be further signiﬁcantly
enhanced by utilizing optimization and parallelization techniques.

5. Conclusion
In this paper, we introduce an effective method to detect texts
in natural scene images. We construct CRF model by combining the
CNN scores of MSERs and multiple neighborhood information. In
addition, missing text components are further recovered using context information. Furthermore, we integrate gray and binary features and design shape-speciﬁc classiﬁers to accurately verify text
lines.
The proposed method has been evaluated on four public benchmarks and achieves the promising performance, demonstrating the
effectiveness and robustness of our method. Speciﬁcally, the result of MSER components classiﬁed with CNN is superior to that of
the hand-crafted features. Besides, the experiment veriﬁes that CRF
model achieves better performance than the classiﬁcation of CNN,
showing that CRF model can further optimize the detection results.
The results also reveal the importance of regaining missing text
components for improving the detection performance. Finally, we
conduct experiment to demonstrate the necessity of shape-speciﬁc
classiﬁers for identifying text lines. In the future, more robust and
effective text candidate extraction methods will be studied and the
proposed method will be extended to detect texts in arbitrary orientations.
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