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and summarization. In this paper, we propose a robust method that is abl rately
locate text lines and extract text even in complex vide calization

stage, this paper adopts the method based on corner poiaf: t, carne ction is used
to extract corners as text features from vide . Then(\?i—layer filtering
mechanism (MLFM) is used to locate the text lin congists of corners clustering,
corners horizontal projection, background filterin d heuristi es. This MLFM can
effectively remove the isolated corners, locaté the text linéssaccurately and remove the
background or pseudo text lines automati @ ¥ In the te\g traction stage, this paper
proposed a twice binarization method that*combineg”With polarity judgment on image.
The polarity judgment was used as agjtide to a irst binarization threshold when

we perform the first binarizationgAfter the firs rization, a main proportion of the
image has been processed, angt rest yw processed by the second binarization.

Experimental results show th is ap n fast and robustly locate text lines and
extract text in video even gmeder compl@tground
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Abstract \/’
Overlay text in video carries important semantic clues for video inform@val
t

binarization
1. Introd@

The intelligent a of video data is currently in wide demand because a video is a
major source of data in our lives [1]. However, text is one of the most semantic

information t e W|thout requiring complex computation, which carries high-level
informatigng sucf® as program introductions, special announcements, scene locations,
ate and time, news events and video contents. Text recognition in real life
ot of application scenarios, such as video classification, document analysis,
ntent based video retrieval, assistance to visually impair persons, license plate
@. nition, sign recognition, etc.

Jideo text recognition is mainly divided into four steps: detection, localization,
extraction and recognition. Text detection is to detect whether the video frame contains
text candidates. Text localization is to locate the position of the text regions in video
frame accurately. The extraction is to filter out background pixels of the text candidates,
so that only the text pixels are left in the text regions. Text recognition is to feed the
binary image into the optical character recognition (OCR) module to produce the text.
Therefore, the result of text recognition depends largely on the results of text extraction
and the selection of OCR. The current commercial OCR has entered into a relatively
mature stage, so text extraction is critical for high recognition rate. However, the good
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results of text extraction is also highly depend on accurate localization. Therefore, this
paper is devoted to the study of text localization and extraction.

Text localization and extraction is actually not a newer problem in the multi-media
analysis field. There are lots of methods have been proposed to locate overlay texts in
video by addressing complex background or low resolution in the literature. The methods
of text localization can be mainly included the methods based on color, texture and edge
or gradient. Since the methods based on color [2-3], which may not be suitable for text
localization due to the need of full shape of each character. The methods based on texture
are developed [4,6,8] to address the problem of complex background. But these methods
are low performance and computationally expensive. The methods based on edge or
gradient [9-10] were developed to achieve efficiency. However, it give more false
positives due that it is sensitive to the background. Therefore, most of the above methods
focus on one type method rather than making good use of the advantages of a variety of
methods. Existing methods of text extraction [11-13] assumed that the text wg
usually light or dark. However, these assumptions can directly limit the appllcat t
extraction based on assumption to some specific domains, e.g. news, ca ?%orts
Therefore, these methods cannot be well used for text Io§allzat|on a tion in

complex video scene. Overall, we proposed an effectiv
(MLFM) for text localization and twice binarization m mb
judgment for text extraction to address complex ba inv de&
Compared with previously proposed methods % our es contribution to
the following two aspects: 1) MLFM based (b‘ s in this r con3|sts of corners
) T

clustering, corners horizontal projection, bac nd f|| %and heuristic rules, which
enables the text to be located accuratel he tw rization method, which

combines with polarity judgment of i text extraction for the selecting
of the best threshold and binarizatio m% vari tions.

The rest of the paper is orgagi oIIows n 2 is a literature of related work. It
presents the detection, Iocakzgk d extrgClion procedure in Section 3. Experimental
results are presented in Sectio It f cludes the paper and the future work in
Section 5.

2. Related Woﬂ§

The propsg @I od belo\nQo the text localization and extraction, so this section
provides se atur of previous studies in text localization and extraction.

The methudS of tex 1zation are mainly classified into three types: the methods
based on color, ed exture and machine learning. 1) The method based on color
assumes some nts on text regions are satisfied such as certain sizes, uniform
colors and spa@gnments. Shekar et al. [2] proposed a novel method based on the

phase WC model and morphology based approaches for text detection, He

investig matching features and morphological based on a set of rules from false
posit ination and locate text by using connected component. Smitha et al. [3] also
xt from video frames based on skeleton matching. He obtain the skeleton by
% morphology based approach and locate text by designed geometrical rules and
mofphological operations. It is efficient when the uniform regions are contained in video
frames, it fails when there are different colors in a text lines. 2) The method based on edge
or texture assumes that the backgrounds are much smoother than text regions. Therefore,
it is possible to classify text regions and non-text regions according to different edge or
texture intensity. However, it is still an open problem about how to reduce noises under
complex backgrounds. Roy et al. [4] proposed a new method using fusion obtained by
wavelet and gradient sub-bands to obtain text candidates. Zhang et al. [8] proposed video
text localization method based on a fusion map of color gradients and log-Gabor filter.
The method segments initially characters, and then a fusion map is constructed to fuse the
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results of color gradient and log-Gabor filter. Phan et al. [9] proposed a “gradient vector
flow” model to extract the characters of text and remove false positives by the Histogram
of oriented gradients feature. In [6], corners are also proposed for text detection, which
are trained to produce a decision tree as the classification criteria for text characters. The
above approaches may usually have a high recall rate. But it produced high false alarms
due to the strong edge and texture. 3) The method based on machine learning uses
features extracted from text regions and non-text regions to train neutral network or
support vector machine. Samabia et al. [7] proposed a caption text detection method
which Union of two feature vectors is used for the classification of text and non-text
objects using support vector machine (SVM). Jain et al. [5] proposed a text detection
method in natural scenes and video based on rich shape descriptors such as Histogram of
Oriented Gradients, Gabor filter, corners and geometrical features of text, which train a
support vector machine to classify text regions and non-text regions. Wang et al. [10]
proposed a method combining a multi-layer neural networks with unsupervised €gature»
learning, which can train accurately text detectors and recognizer modules. Ho
performance of these methods depended on the number of training samples. \?*
After text localization, text extraction is required to be done before e nition.

Text extraction can be divided into the methods based oR hold [ based on
strokes [12]. Text can be extracted by the threshold sincgstf ‘ Qrg nce between

the text and the background in the grayscale and the=adjace tgr dle su [13] is a text
extraction method based on the threshold, which ple in e and have a high
efficiency. However, Otsu is a method based on gldal thresho hICh fails to extract
text exactly under complex background. Lu o‘ :NI [11} sed an adaptive threshold
method, which divided the image into mul Iocks and carried out binarization in
each block. The method based on stro text extraction. Sao et al. [10]

proposed a strokes filter for text ex ced the strokes and suppressed
the non-text strokes by the cha& four drrec formed text extraction filter.
3. Our Method

The primary purpo is paper&lve the problem of overlay text localization
and extraction ungde @omple ckground. In the stage of text detection, we choose

corner as the tex e whi t easily affected by contrast and color. In order to
reduce the a ate of text loCatization, MLMF is proposed, which consists of corners
clustering, @ S hor| rojection, background filtering and heuristic rules. Finally,
the twice biftarization combined with polarity of image can effectively enhance
the effect of text ext under complex background.

3.1. Text Deteo@

Text Wn is the most basic step to recognize text in video frames. It is very
import hoose a reliable text feature. Corners [6] are frequent and essential patterns
in t ons and the advantages of corners in text regions are more orderly than the

regions. Therefore we use the corner point as the basic feature of the text for
tion.

Corner, which usually has high curvature on the boundary of the image, is an important
feature of image texture features. The text regions in the image are rich in the corners with
concentrated distribution, and the arrangement of the characters is the same as that of the
text. On the contrary, the corner of non-text regions is less and the distribution is stray and
the random is obvious. Therefore the text regions can be detected by the density and the
distribution of the corners. However, the choice of detection algorithm has a great
influence on the corner detection. There are two main types: the method based on edge
and the method based on grayscale. The method based on edge need to be encoded, which
relies on the image extraction and the edge extraction. The two operations itself are very
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difficult and require complex computation, which is not good for detection. The method
based on grayscale is based on the change of the neighboring gray pixels, which is effect
for detection. So this paper uses the Harris corner detection algorithm based on the
principle of the latter.

gam  FEICE IMERH XX FME FME BB TWE & *
inme by 1]

SEN =7 BRI RN RN

(@ (b)
Figure 1. Harris Corner Detection (a) The Ori gﬂlaeo l@ p) The
Corner Detection Re
Harris corner detection algorithm is based @e |ﬁ%}'operaﬂon and the
autocorrelation matrix to carry out the dete1t%1r of corners rris corner, since the

differential operator can reflect the inte gray’%e in any direction, can
effectively distinguish the corners and so the_corner detection operator has the
rotation invariance. At the same tlme arris selects the Gauss function as
the detection window, which can and Q&mage and then detect corners of

re 1 shows the results of the Harris

image. This method can also r d e noises
corner detection. It shows tba% Xt r Q)f the corners are more dense and well-
organized. But the corner of theYion-t s is relatively sparse. So the corners are a

robust feature for the text@llzatlon \

3.2. Text Locali &

Althoug tectlo on corner has many advantages, it can also produce
highly fals s for allzatlon especially under the complex background, which
is still a challenge e text for correct localization rate by corner. Therefore, the
MLFM is develo localization in this paper, which consists of corners clustering,
corners horlzor‘@ﬁjectlon background filtering and heuristic rules.

3.2.1. Co lustering
Si of points with high curvature boundary are judged to be the corners, it

s. The distribution of the corners is dense on text regions but isolated on non-text
edions. Therefore, we carry out corners clustering for filtering out the isolated corners in
the corners distribution map, so that we can avoid the noises accumulation and improve
the accuracy of the text lines localization.
Typically, it is much denser in the text regions, so we filter out the isolated corners by
corner clustering to determine the distance between two corners with Euclidean distance.

t not only lots of corners on text regions but also some corners on non-text
r

For any two corners, assume their positions are (4, ¥1) and (% ¥2) in the image, we
can calculate the distance between them.
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4=l %) + (s ve) @

Where d is the distance between two corners in the image. If d s less than T (T is
an empirical value), it will be regarded as the same type. It arbitrarily selects an initial
corner as the first point set from corners map, and then calculates the distance between

any corner within the current point set and the corner out of current set. If d s less than

T, the corner will be put into the current set until there are not corners in the corners
map. At this moment all corners are divided into several corners sets. Finally, corners sets
whose number of corners are less than 3 will be removed.

3.2.2. Text Lines Localization

Most non-text corners have been filtered out after corners clustering. But the text
extraction stage requires that the background of the text regions should be as I
possible. So we must find an effective algorithm to locate text regions accu?%b e
found that texts in video frames are post-production and texts is usually p nt and
font is uniform. Theoretically, there is no corner between texg lines. Th ion map
of the corners is consistent with text position. Therefore ﬁrlzonta ojection profile
to summarize the candidate corners over rows, a p @p

t

fil based on the
number of corners is employed to separate text re‘ extalines,\vhich can directly

locate the text lines in video frames. Figure 2(a) sh pS/an exam prOJectlon based on
corner. There is an obvious valley between t nes oft an locate the text lines
accurately from video frame by choosmg&)er thre Text line localization is
illustrated as follows:

Firstly, the pixel value of the (, J{%be ex e\ g(' J)

i

QO orner

)
Thus, the integral p n of the M horizontal direction can be determined as
\ g(l )
©)
Where @e leng (%N The integral projection of each row is marked as
L
O ei)=X6 )
i (4)

1<i S%}p/here N is the total number of rows. Average value of integral projection

is expr S
Oe@ N
@ Average = > G(i)/line

©

Where line is the number of G() that is not zero. The text lines localization algorithm
is defined as:
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A Horizontal Projection Based on Corners For Text Lines Localization
Algorithm :

Input: Corner filtered image G
Output: Text lines
Process:

1 fori< Height do
if upCheck()

N

then

3: Mark 1=t row as the upper border of text lines;

4 i underCheck() then \/0
5: Mark 1 —th row as the lower border of text lines; Qv

6: Save the text lines images; \*
7

8

9:

4
O

. end for

L J
Where UPCheck() is the function @hds thw& border of text lines. It needs to
satisfy the following two conditions.

1) (G(i) > Aver / &) ﬂ(%@&ver/%)sﬂ\\-ﬂ (G(i+n-1) > Aver/ )
' *

2). there is at least one row™in fr% n—Lwhich satisfies: C(K) > Aver/
where K satisfy 'Sk5®‘—1. nx\' e threshold of line number to check upper
border. AVET s th& H8ight of corner histogram.

Where under is t}@m on that finds the lower border of text lines. It needs

to meet the ing two @itions.
1), 5)ﬂ(G(i+1)<5)ﬂ---ﬂ(G(i+m—l)<5)_
2).0ne row e included from 1=t row to (i+m-1) th row meeting:
Gk) <o wh meets | SK<T+M=1 \where M s the threshold of line number
to check | order.
W B.o.c are threshold to eliminate noises in text regions.

Background Filtering

The text lines can be located after the horizontal projection based on corners. Some
residual background is also reserved in the two poles of text line, so it is necessary to
filter out the residual background of the text lines. The traditional way is to carry out the
vertical projection. But we locate text regions by corner features in this paper, which is
sparser than pixels. The vertical projection based on corners are not suitable to locate the
text lines. So this paper makes good use of the difference of the corner density between
text regions and non-text regions to filter the background in text lines.
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We design a size of H x1.5H (H is the height of text line) sliding window for

filtering out the background and the step-size is H from the left to the right of text line.
An example has been shown in Figure 2 (b). If the number of corners in window is more

than T (corner number threshold), the window will be reserved. Otherwise, the window
will be discarded. Then all the reserved windows are merged by the rules that the distance

between the windows is less than 2H . And then the merged windows will be checked by
heuristic rules to filter out pseudo-text lines. Finally, the merged windows refined by
heuristic rules will be saved as images. Rules are defined as follows:
1. Filter out the height of text lines which is less than 8 pixels;
2. Filter out the candidate regions of minimum external matrix which is below a
threshold. Text regions are usually rectangular, and the depth to width ratio is at least 1:3;
3. Filter out the 2/3 top portion of the video frame. Video content and video captions
usually are in the 1/3 bottom portion of the video frames; 0
4. Filter out the 12 pixels lines from bottom sides of border of the video f
contents of this text regions are usually the program advertising, no %ther
information, which is not related to the video content. @

valley ~y = L8 HBH URT =, w; Fini ol T

(b) 5\\

Figure 2. Text Lines Loea,% n (ay ontal Projection Based on Corner
Locate Text Lines Re ove ckground of Text Lines Based on

of Corners

3.3. Text Extra@ Q
Text Ioon is
enhance the reCognitio

tep for text recognition. Text extraction is the key step to
es. Text extraction means that the text of the image will be
divided into the nof- and text pixels to get binary image. However, there are still
many problems i extraction under complex background at present, which mainly
includes two aSpetts: 1) the contrast of the text lines is unpredictable such as light text
and dark 4gxft. 2) The background of text is complex. A single threshold can’t effectively
comple extraction. Therefore, this paper proposed a binarization method which
combi ith polarity judgment based on binary image.

% Polarity Judgment Based on Binary Image

There exists a contrast color between text and non-text regions in text line. The contrast
has two types. One is that the brightness of text is lighter than the brightness of
background, which is named positive contrast colors. The other is that the brightness of
text is darker than the brightness of background, which is named negative contrast colors.
Polarity judgment can be used to judge the contrast colors. Text extraction needs to make
sure the polarity of text lines which is useful to help adjust the best threshold
automatically for binarization and filter out the noises of binary image. Therefore, polarity
judgment is necessary for text extraction.
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Figure 3. Polarity Judgment (a) Binary Image (b) The Result by Algorithm
for Filling 8-adjacent Connection Based on Binary Image

In this paper, we use local Otsu method to get binary image. The pixels of four borders
of binary image will be used as the seed points for eight connected domain filling
algorithm. If the pixel value is the same as its neighborhood, it will be filled with 128.
The result of polarity for text line image will be decided by the proportion of blac ixe
and white pixels. The detailed process of polarity judgment is defined as followsv

t new

Stepl. The each border of text line in image P will be extended 4 pixe

text lines named image P1 ;
Step2. Convert P1 to the gray image P2 | use &k u met get binary

image P3
Step3. Select the pixels of four borders of P3 |n|t|aW|xels and put them
into arrayA[ Y, ] . Where (x,y) is the pasition of thp\@ pixel in P3 and V is the
0

value of pixels at( y) .
s % Al v ]

ep4. Select the seed points fr e |n|t|al ixels array and search
the eight neighborhood from t nt S ints. If the adjacent point is the same as
the current initial seed point, djacent @@lll be settled 128 (128 can be changed as
long as it's not O or 255) en we us@ ent search point as the seed point to search
the new seeds accordl e rules,o 3 until that the point can’t meet it. This means
that the current |n pomt neighborhood search is completed.

Step5. Sele Pge seed p0| rom the initial seed pixels array A[ BE V] . We will
skip the in po @ts pixel value has been filled with 128 until that an initial
seed point is found i & which hasn’t been filled. Then follow the rule of Step4

to carry on the re rowth until that no seed pixels were found.

Step6. The &alue in image only contains three types after Step5: 128, 0 and 255
inP3 , respectively. The portions that the pixel value are 128 is the background regions.
So we car, Judge the polarity of text line by statistic the proportion of the number of 255

0 (NO). The main portion are text regions and the fewer portion is non-text
7 Text is positive polarity if N1>NO , otherwise Text is negative polarity

<NO  The polarity judgment is completed.

Figure 3 (a) shows the result of the local Otsu to generate a temp binary image. Figure
3 (b) shows the result filled by 128 with algorithm for filling 8-adjacent Connection
regions. Most of the background regions have been filled with 128 and only a bit of
background is reserved in the closed strokes. But the proportion of backgrounds is very
smaller than text regions, so it can ensure the reliability of the polarity judgment. Since
this method was carried out on the binary image, itis much faster with algorithm for
filling 8-adjacent Connection regions and more robust than the traditional method due to
the simple binary image. The accuracy of proposed method is 97%.
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3.3.2. Twice Binary

The core part of the text extraction is binarization, while the existing binarization
algorithm is mainly divided into two types. One is the global threshold binarization and
the other is the local threshold binarization. It is difficult to find a reasonable threshold to
separate the text and non-text by the method of global threshold binarization under
complex background. However it will cause too much noise through the local threshold
for text extraction, which is difficult to be removed from binary image. Therefore, we
adjust the threshold automatically for the first binarization through polarity judgment and
then make good use of the advantages of the global threshold and the local threshold for
binarization, which can solve the problem of text extraction effectively under complex

Bl e : AR RUmEHRIE]

EEN =

EIQ =%  sRuserUmEnagE

al
@
b
(B

EIA=E 5

(©)

L 2
Figure 4. Twice Binarization (a)Text Gray | (b) Local Otsu for the
or the@cond Binarization

First Binarization (c) Ni%
A
First of all, we calculate the th Id by the B\ibtsu algorithm and then adjust the

best threshold according to thex of Qol ity judgment for text lines image. After the
N

first binarization is comp iblack orithm will be used for the second
binarization. Figure 4 (h)«shows th St\Dinarization for original Figure 4 (a). The

majority portion of i S been b ation in addition to the border of text strokes
and some backgr ftext line gray pixels. Figure 4 (c) shows the result of second
binarization use iblack ithm, whose background and the stroke are very good
rokes are cledr. Twice binarization is as follows:

to be separ
Stepl: ttextlg%ge P to the gray image © ;

Step2: Amplify for image G by bilinear interpolation and then carry out
median filter;
Step3: Calc e threshold by a size of Height x Height (Height is the height of text

lines) wi by*Otsu from the left of image G ;
Step4; e the threshold T according to the result of polarity judgment (The text
colorgi ck if NO>NI1 ang then T1=T—-N Conversely, the text color is white

%‘ N1 and then T1=T+N N js an empirical value, N =20) to get the best
tiveghold T1 ;

Step5: Carry out the first binarization. If the current gray pixel value V meets
|V -Ti>nl ("L is an empirical value, 1=30) and V >T1 then V=255 ¢
|V_T1|>n1 andv <T11thenv :O X

Step6: Go to Step2 if the sliding window doesn’t reach the right boundary of the image
G .

Step7: Carry out the second binarization. The rest of gray pixels are completed by the
algorithm of Niblack after Step6;
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Step8: Image G s completed by twice binarization.

4. Experimental Results

The purpose of text recognition is to make it convenient for us to master more
information in our life. The satellite televisions and CCTV brought us lots of information
about life across our country. So our datasets are from these videos. They are diverse text
types including different size, quality, colors, and complex background. And, all the video

frames have a size of 480%360 pixels and total duration is 2 hours.

The criterion of evaluation in the text localization and extraction are different, which
will be divided into two stages. The first stage focuses on the text localization evaluation,
which evaluates the accuracy of the proposed algorithm in various types of video. The
second phase evaluates the text extraction algorithm, which tests the validity of
binarization in text extraction and the text recognition rate.

\ 2
4.1. Evaluation of Text Localization ;

This stage is mainly to evaluate quantitatively text localization, and ife are with
other methods. Experiments show that our proposed loc n algof is robust on
datasets. Figure 5 (a), (b), (c) shows some examples,f li
addition to the logo of TV station and other texts

ating tw s accurately in
perw f video. Our goal
ica

is to obtain the main information of videos, which sually i 1/3 lower portion of
the video frame. So the results of text localization are,i% with our expectation.
Figure 5 (d), (e), (f) shows some error gx of localtgatien. Our algorithm failed to
locate some number regions in Figur ecaus the fewer corners on number
regions. It also failed to locate a plac igure @ue to the low resolution or be in
between two text lines. Althoug)éwe examp localization failure were found in
some video frames, it didn’t af’

extrgc%for the main information of video at all.

o X

(Q (b) (©)

(d) (e) (f)
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Figure 5. Video Text Lines Localization es Figure (@) (b), (c) Text
Lines Localization Positive Examples re (d), Text Lines

Localization Neg @a xamp S
Here, we take the three most W|dely n crlterlo\ecall rate, precision rate and
speed.

1). Recall Rate. The recall rate«gv ates q&, roportion of text lines correctly
located to total text lines in d tis,

Recall = (6)
2).Precision Rate. Th cision r ates on the proportion of text lines correctly
located to total text I|@ in data Namely,

*cmon Lc/Ln %
3). Spee h S how Qto evaluate the text localization per frame. All the
experlmen un on e computer with 3.2Hz i5-3470 CPU.

Speed =T /N ®)

Where LC I@ number of the correct text lines. TN is the total Number of text
lines in our datasets. LN is the total number of text lines located with our method. T is
the total i r text localization in total datasets. N is located number within T .

2 O Table 1. Comparison with Others in Text Localization

ethod Precision(%) Recall(%) Speed(s/frame)
Ref[14] 87.47 89.56 0.22
Ref[15] 84.28 85.63 1.65
Proposed Method 89.15 92.24 0.67

To demonstrate the effectiveness of our method, we compared with algorithms
proposed in [14-15]. Table 1 shows that the recall rate and accuracy of our method are
higher than the other two methods. The reason is that our selection of reliable corner as
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text features and multi-layer filtering mechanism is more effective for locating text
accurately. Even though the speed is slower than that of [14], the accuracy and recall rate
of proposed method is obviously higher than that of [14].

4.1. Evaluation of Text Extraction and Recognition

This stage is to evaluate the effect of text extraction and recognition. Text extraction is
directly related to the results of the text recognition, so we use the text recognition like
other papers to reflect the effect of text extraction. We randomly selected 200 text lines
images located by our localization method as datasets for text extraction. We will
compare with the classical algorithms: Otsu [13], Niblack [16], Sauvola [17] and Wolf
[18]* algorithms. Figure 6 shows the results of text extraction. It is obvious that the Otsu’s
method is poor for background color variation images. Because it focuses on the global
threshold by analysis the histogram-based of image. Niblack’s method is better than0
Otsu’s method, but it missed some text stokes, since it is affected by t I
background. Since Sauvola’s method make the additional assumptions for binar , it
leads to lots of thin features and holes on text strokes.The strokes of texts ppapesed by
Wolf are relatively clearer than former methods. But the detgils, of the tex es are a
serious problem. Figure 6 (a) shows that there is a proble\ ver ex in the same
image with different contrast levels. Figure 6 (b) sh there is some
conjoint strokes in the details for texts. But our mé iS paper has better
results.
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Figur @mparison of Text Extraction Method

We evaluate tg%t of text extraction by recognition rate. We will feed the text

“ Proposed method (b)

extracted by t e five methods into the OCR module (this paper uses the open
source TesseractOCR?) for text recognition. We use the word recognition rate as the
evaluation ‘erfteria for the evaluation of recognition efficiency, where recognition rate is
the nu of correct word recognized by OCR accounts for the percent of the total

erpf words.
% Table 2. Word Recognition Rate in Different Extraction Methods

Method Otsu Niblack Sauvola Wolf Our Method
Recognition(%) 55 52 60 67 72

Table 2 shows the results of word recognition rate in different extraction methods. Our
recognition rate is far better than others, which benefits from the polarity judgment

L http://liris.cnrs.fr/christian.wolf/software/binarize/index.html
2 http://code.google.com/p/tesseract-ocr/
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combined with the twice binarization for extraction. Otsu is too single in thresholds, and
Niblack algorithm generate too much noises. Sauvola and Wolf algorithm have a better
effect, but the strokes are lost due to over extraction.

5. Conclusions and Future Work

In this paper, an effect text location and extraction algorithm are proposed for complex
background video. The purpose of this paper is to improve overlay text recognition rate
under complex background in video. For text localization, we proposed a MLFM which
can accurately locate the overlay text lines and can effectively overcome the low accuracy
rate for the traditional text localization based on corners. For text extraction, the twice
binarization method combine with polarity judgment based on binary image was proposed
to solve the problem under complex background in video. The twice binarization is
composed of global and local binarization, which can retain the overall and detal of the.

text strokes. Polarity judgment based on binary images, which can judge automa e
text color, can effectively improve twice binarization on best threshold choic

Although we have completed the work of text localization and ex@ under
complex background images in video, the proposed algor m«thls pages | y for the
overlay text rather than the scene text in video. Scene have gr importance in
our life such as the road name, product descripti §enlc sp roduction, etc.
Therefore, our future work will focus on the scene 8 ognl
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