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tried to apply the theory of pattern classification to text
location research. That is, a texture classifier is first got
by some machine learning method such as SVM, MLP,
Adaboost and etc. based on some special selected
features, then the classifier is used to classify the subregions of the input images into texts and non-texts
[5~8]. For the process of text classification is time
consuming, a two-stage text location frame has been
proposed. In this frame, candidate texts are first got by
some heuristic text information, and then a texture
classifier is used to eliminate false alarms. The flow
chart of this frame is shown in Fig. 1.

Abstract
In this paper, a new feature for text verification is
proposed. The difficulties for the selection of features
for text verification (FTV) are first discussed, followed
by two principles for the FTV: the FTV should
minimize the influence of backgrounds, and it should
also be expressive enough for all the texts varied in
structures prominently. In this paper, we exploit
different block partition methods and introduce two
widely used features: the gray scale contrast (GSC)
feature to eliminate the background difference, and the
edge orient histogram (EOH) feature to distinguish the
structure of texts from that of non-texts. A texture
classifier can be got by SVM training of pre-labeled
data. The candidate text lines can be verified by this
classifier. Experimental results show that our feature
performs well.

1. Introduction
Fig. 1 Flow chart of the two-stage text location
frame

With the development of internet and digital media
technique, a quantity of multimedia comes forth, which
leads to an urgent demand for content based browsing
and retrieving system. Text in images and videos
always carries rich useful information, which can help
the computer to understand the content of images and
videos. So text location is very important for the fields
of automatic annotation, indexing and parsing of
images and videos.
A variety of approaches for text location have been
proposed during the past decades [1, 2]. In the early
stages of text location research area, the methods and
algorithms are relatively simple. Very few and simple
information,
like
edges,
corners,
connected
components and etc., are used to locate texts in images
and videos [3]. These methods perform fast, but would
inevitably introduce a large number of false detections,
especially when the texts are located in complex
background. More recently, many researchers have
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As the text verification step is adopted in this text
location frame to eliminate false detections, there
comes another problem: how to choose an effective
texture feature? Many researchers have proposed
different texture features for text verification (FTV),
such as the gray scale feature by Kim, edge-map
feature, derivations and etc.. Well, some of these
features do show good performance, but that depends
on the database and the text backgrounds. The
selection of these features is more based on the
experimental tests. That is to say, no one answers the
basic question: what on earth is text?
In this paper, we would draw our attention mainly
to the task of text verification, and attempt to solve the
basic problem of the selection of FTV. We exploit
different block partition methods and introduce two
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widely used features: the gray scale contrast (GSC)
feature to eliminate the background difference, and the
edge orient histogram (EOH) feature to distinguish the
structure of texts from that of the non-texts. The
Experimental results show that our feature performs
better than the traditional texture features.
The rest of this paper is organized as follows:
section 2 elaborates the difference of FTV and features
for text recognition (FTR); the proposed features are
shown in section 3; section 4 are related experiments
results and analysis; finally we draw our conclusions in
section 5.

3. Proposed features
When looking into the features we mentioned below
carefully, it’s not difficult to find that these features are
mainly point-based, that is, the features are extracted
based on the specified pixel point of the texts, or some
kind of transformation of these points such as FFT,
DCT and etc.. As different texts under different
backgrounds show quite different in style, color and
structure, these point-based features can hardly
represent the features of texts in common.
Compared with the point-based feature, we propose
a new definition of region-based FTV. Although the
specified points in different texts show different, they
do have something in common in some specified
regions. We find some characters of texts in common
by analysis and statistics:
1) All the texts are formed by edges in different
directions;
2) These edges are distributed regularly in some
local regions.
Based on the two points below, we partition the text
block into eight parts as shown in Fig. 2.

2. Features for text verification
The selection of FTV is a challenging task. It is
quite different from the selection of FTR, mainly in the
following aspects: FTV aim to distinguish between
texts and non-texts, while FTR try to distinguish texts
from texts; more usually, texts for recognition have
already been segmented from the background, so FTR
are less influenced by noises. But texts to be localized
are usually embedded in complex backgrounds, so
FTV should be robust to noise. Briefly speaking, the
FTR should answer the question: which word this text
is, while FTV should answer the question: whether this
is text or not.
Some researchers have tried to apply some
traditional texture features, such as edge map, SIFT [9]
and etc., to the text verification area. But most of them
don’t perform well. Some researchers have also
proposed some different FTV, such as the gray scale
feature by Kim [6], constant gradient variance feature
by Chen [5] and etc. [8]. It seems that these features
perform well in the artificial database, while actually
they don’t answer the basic question of the selection of
FTV.
As we have mentioned before, the difficulties for the
selection of FTV are mainly based on two factors: the
influence of complex backgrounds and the variance of
the different structures of texts. Therefore, to choose an
effective FTV, we must solve the following two
problems:
1) The selected FTV should minimize the influence
of background as far as possible;
2) The selected FTV should be expressive enough
for all the texts varied in structures.
Based on the two points below, we propose a new
FTV. The elaboration of this feature is shown in the
following section.

Fig. 2 Text partition sketch map
The validation and superiority of our text partition
method is showed in section 5.3, in which different
block portioned methods are compared with our
method.
Then for each sub-region, we introduce the
following text features:

3.1. Gray scale contrast feature (GSC)
Texts are usually embedded in complex background.
Even the same text may show different under different
backgrounds, which increases the complexity of the
text verification task. To eliminate the influence of text
background, we introduce the gray scale contrast
feature, including the mean contrast Rm and variance
contrast Rv , which are defined as:
Lmk
(1)
Rm
k

Rvk

Gm
Lvk
Gv

(2)

where Lmk and Lvk refer to the local mean value and
the local variance value of sub-region k . Gm and
Gv denote the global mean value and global
variance value of the total text region respectively.
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dimension, in which a linear separating hyper-plane
can be found.
In short, given m labeled training samples:
( x1 , y1 ) , " , ( xm , ym ) where yi r1 is the label of the

3.2. Edge orientation histogram feature (EOH)
Texts are formed by regularly distributed edges in
different directions. To express this special edge
structures in the texts, the edge orientation histogram
(EOH) feature is introduced as another feature in our
work. EOH is a useful and effective texture feature. In
this paper, the EOH is extracted by the following steps:
1) Detect the edges of the original image by Sobel
mask. Get horizontal edge map EX ( p) and vertical
edge map EY ( p ) ;
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input data, the trained SVM text classifier is shown as
N
(4)
f ( x)
D y K ( x , x)  b

¦

In the text verification step, we adopt the weighted
method proposed by Chen [5] as the verification
scheme in this paper. A slide window is used to scan
the candidate text with some slide steps. For the
scanned sub-regions, the FTV proposed in Section 3 is
extracted and imported to the SVM text classifier in
Section 4.1. Then a set of verification scores can be
obtained by the scanning. The confidence of the whole
candidate text is defined as:
l
1
(5)
Conf ( R ) sgn(¦ f ( xi R ) u
e  d / 2V )
2SV 0
i 1
Where di is the distance from the geometric center
of the i th sliding window to the geometric center of
the candidate text R. V 0 is a scale factor depending on
the text line length, and f ( xi R ) is the classification
score calculated by equation (4).





EY ( p )
E X ( p)

i

4.2. Text verification method

2) Calculate the edge orientation map T ( p) by:


i

where D and b are parameters got by SVM training,
and ( xi , yi ) is the selected support vector by SVM.

(a) Sobel Mask X
(b) Sobel Mask Y
Fig. 3 Sobel Mask

T ( p ) arctan

i

i 1

(3)

i

3) Map T ( p) to region [0ˈ
2S ] , and get T ( p ) ;
4) Quantize T ( p) into eight parts with a gap of S / 4 .
Get the histogram of each direction.
Then for each sub-region of the text block, the GSC
and EOH features are extracted. As the text block is
partitioned into eight parts, the dimension of the
feature in our paper is (2  8) u 8 80 

2

0

2

4. Text verification
As our work is mainly focused on the text
verification, we do not pay much attention to the
extraction of candidate texts. In this paper, we assume
that the candidate texts are all bound texts. To get the
texture classifier, we introduce the support vector
machines (SVM) for the training. In the verification
step, we use the weighted region method as Chen
proposed in [5].

Fig. 4. Text verification

5. Experiments and analysis
To prove the superiority of our FTV, we do groups
of experiments. The details of our experiment data and
results are shown in the following parts. All the
experiments in this paper are done on the computer
with a CPU of Pentium IV 2.8GHZ.

4.1. The training of text classifier
In this paper, SVM [10] is used to train the text
classifier. SVM is a machine learning method proposed
by V. Vapnik, and has been widely used in
classification problems for its good performance. The
core idea of SVM is to find an optimal separating
hyper-plane, one which maximizes the margin between
the two classes. For the non-linear situation, the kernel
functions are used to map the original data into higher

5.1. Dataset
We grabbed 2147 video frames with texts from 76
videos, including movies, TVs, MTVs and etc.. The
size of the frames varies from 352 u 240 to 720 u 576 ,
and the height of text lines from 12 to 35 pixels.
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5.1.1. Training data. In most of the text verification
methods, the training data for the texture classifier is
mainly based on the labeled text lines, that is, the text
lines in the images are labeled instead of the single text,
and then a slide window is used to extract the texts as
positive training data [5~8]. This method is not so
accurate for that in actual situations the margins
between texts may be also extracted as texts, which
would certainly influence the training results.
To be precise, the training data used in this paper is
based on the labeled texts. We label exactly every text
bound to make sure that no non-text noises would be
taken in.
We select 300 images from the database and choose
1000 texts from the text lines and 2000 non-texts from
the non-text regions as training data. Some of the texts
and non-texts training data are shown in Fig. 5.

CCR
FCR

N ct
u 100%
N text
N fnt
u 100%
N non text

(6)
(7)

where N ct and Ntext denote the number of correctly
classified texts (these texts are correctly classified as
texts) and the total number of texts in the database, and
N fnt and N non text mean the number of false classified
non-texts (these non-texts are wrongly classified as
texts) and the total number of non-texts in the database.
Generally speaking, a text classifier with a high CCR
and a low FCR can be regarded as a good one.

5.3. Comparison experiments
We did several groups of experiments to testify the
superiority of our features. All the experiments are
implemented by Visual Studio 2003 .Net.
In this paper, the text block is partitioned into eight
parts as showed in Fig. 2, which is more rational and
suitable for it fits people’s writing habits well. To
prove the superiority of our block partition method, we
adopt some other schemes ( 3 u 3 and 5 u 5 ) and do
comparison experiments with our method. For each
block partition method showed below, the same FTVs
and text verification method proposed in the paper are
adopted. Experiment results are shown in Tab. 1.

(a) Example of texts for training

(b) Example of non-texts for training
Fig. 5 Training samples
5.1.2. Testing data. We extract 1000 text lines and
3000 non-text lines as testing data. Our aim is to test
the performance of the texture classifier got by training
of our proposed FTV. Some examples of the testing
data are shown in Fig. 6.

(a) 3 u 3
(b) 5 u 5
(c) our method
Fig. 7 Different block partition methods used
in the experiments
Table 1. Comparison experiments of different
block partitioned methods
Our method
3u 3
5u 5
Dimension
90
250
80
CCR
85.6%
90.0%
96.5%
FCR
16.8%
21.2%
1.4%

(a) Non-texts
(b) Texts
Fig. 6 Testing samples

5.2. Performance evaluation
We consider a texture classifier for text verification
as a good one if it satisfies the following conditions:
1) For the texts, the classifier can correctly verify it
as texts;
2) For the non-texts, the text classifier can lower the
false classifications.
Therefore, to evaluate the performance of texture
classifiers, we define two measurements: correctly
classification rate (CCR) and false classification rate
(FCR), defined as:

As we have discussed in Section 2, the FTV should
be expressive enough for all the texts varied in
structures. So the size of text sub-block is very
important. If the size is too large, the extracted features
may be robust to the noises but would also lose the
specified character of texts. If the size is too small,
what we get is the detail of every text, and it would be
difficult to refine the features that all the texts share in
common. It can be seen from the result that neither
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3 u 3 nor 5 u 5 block partition methods don’t perform

habits and the distribution of text edges, then two
widely used texture features are introduced: the GSC
feature to eliminate the influence of background
difference, and the EOH feature to distinguish the
texts from non-texts. Experiment results demonstrate
the impressive performance of our feature.
To extract the texts information in images and
videos, we also need to segment the verified texts
from the complex background and recognize them,
which is also a main task for our future work.

quite well, while our method shows good performance.
To solve the FTV selection problems we discussed
in Section 2, we introduce two widely used features:
the gray scale contrast (GSC) feature to eliminate the
background difference, and the edge orient histogram
(EOH) feature to distinguish the structure of texts from
that of the non-texts. In order to test the influence of
the two features, we extract the two related features
respectively and do some comparison experiments. The
results are shown in Tab. 2.
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Table 2. Comparison experiments of
different part of the proposed text features
GSC
EOH
GSC+EOH
Dimension
16
64
80
CCR
63.1%
64.3%
96.5%
FCR
2.9%
6.6%
1.4%
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Table 3. Comparison experiments of the
proposed features and some other FTV
GS
EM
Our feature
Dimension
57
512
80
CCR
86.2%
78.1%
96.5%
FCR
5.1%
5.1%
1.4%

6. Conclusion and future work
In this paper, we propose a new FTV for text
verification. The difficulties for the selection of FTV
mainly come from the influence of complex
backgrounds and the variance of different text
structures. To overcome these two obstacles, we first
partition the text block into eight parts by the spelling
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