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Abstract 
 
In this paper, an algorithm for detecting text in images and 
video frames is proposed. The algorithm contains two steps: 
initial detection and verification. In the first step, edge 
feature and morphology operation are employed to locate 
edge-dense image blocks.  Empirically rules are applied on 
these blocks to get candidate text. In the second step, 
wavelet-based features are employed to represent the 
texture property of text. A SVM classifier is used to 
identify text from the candidate ones. Experiments show 
that this algorithm has 93.9% detection rate for English 
text and a 92.4% detection rate for Chinese text. The 
algorithm  is robust to language, font- color and size. 
 
1.  Introduction 
 
With the increase of digital media resources, content-based 
image and video retrieval will be a long-term research 
topic. Text, which includes plentiful semantic information, 
can do some contributions to the retrieval tasks. As the 
crucial step for text recognition, text detection has been 
richly studied. Here we first briefly review some of the 
existing works.  
 
Text detection using edge (gradient) information: Edge 
and gradient are the preferred features in text detection. In 
[1], Smith proposed an algorithm to detect text in 
individual video frames. Image blocks that including lots 
of sharp edges are considered as text. The algorithm is 
scale dependent, that is, only text with certain font size can 
be found. In [2], detected edges are connected into text 
clusters by using smoothing filters. In [3], Cai proposed a 
text detection approach for video based on edge detection 
in YUV color space. Wu [4][5][14] proposed an algorithm 
based on the image gradient produced by nine second-
order Gaussian derivatives. The pixels that have large 
gradient are considered as strokes. These strokes are 
grouped into text blocks based on several empirical rules. 
 
Text detection using color information: Color information 
is employed for text detection in some special applications. 
Zhong [6] et al. proposed an algorithm for locating text in 
scanned color CD cover which usually has unicolor 
background. The algorithm relies on the monochrome and 
specific spatial variance of the text regions. In [7] Jain 
introduced an algorithm for text localization that is suitable 
for newspaper advertisements, web pages, images and 

videos. The algorithm is based on connected component 
analysis and requires either text or its background to be 
monochrome. In [8], the color models of text and its 
background are used to detect news video captions. 
 
Learn-based text detection: Some researchers have 
employed machine-learning algorithm for text 
identification. Li [9][10][11] uses the neural network 
classifier for text identification. The adopted features are 
second- and third-order central moments in wavelet 
domain. In [12] Lienhart et al. proposed a system for 
localizing and segmenting text in images and videos based 
on the image gradient feature and complex-valued multi-
layer feed foreword neural network classifier. In [13], Tang 
first filters the difference frame by four edge operators and 
the output is divided into K blocks. Then he computes the 
means and variances of each block in all of the filtered 
images to construct a 72-dimension feature vector. After a 
PCA analysis of the feature vector, it is put into a fuzzy 
clustering neural network classifier for video caption 
identification. In [15], Chen proposed a two-step text 
detection algorithm in complex background. He uses the 
edge information for initial text detection. And then he 
employs the “distant map” as the feature and SVM as the 
classifier for learn-based text verification.  
 
Except for the work of Tang [13], we find that there are 
few existing algorithms for detecting eastern texts [13] 
(Chinese, Japanese, Korea text etc.). Differing from that of 
western language, texts of eastern language are not made 
of letters. They usually have thousands of different words 
with different appearance. This will make the detection 
more difficult. To develop the detection algorithm, we first 
summarized the common attributes of horizontal text as 
 
a) Text always contains lots of edges; 
b) Text is a bar whose width is larger than height; 
c) Text is bounded in size; 
d) Text has special texture property but this texture is 

weak and irregular.   
 
Based on these attributes, we propose the text detection 
algorithm. The algorithm starts detecting text by multi-
scale resizing the original image. The detection algorithm 
is performed on all of the resized images respectively.  
After the initial detection and verification, all detected text 
will be integrated into the original image. The initial 
detection is based on Sobel edges feature and the 
verification uses the wavelet-based features and a SVM 
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classifier. Fig. 1 gives the flow chart of the detection 
algorithm. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure. 1. Flow chart of the proposed detection algorithm. 
 
The remainder of the paper is organized as follow. Section 
2 presents text initial detection and Section 3 candidate text 
verification. Section 4 gives the experimental results. 
Conclusions are given in section 5. 
 
2. Initial Detection  
 
In this section, edge detection, morphology operation, 
project profile and some empirical rules are employed for 
initial detection of text blocks. 
 
2.1 Adaptive Edge Detection 
 
“Dense edges” is the distinct characteristic of text blocks, 
which can be used to find possible text blocks. Considering 
that text often presents in complex background where the 
grey-level edge may be quite weak, we use a color edge 
detection algorithm based on Sobel edge operators in four 
directions (Fig. 2). The reason why we select Sobel instead 
of other operator e.g. Canny is that the edges found by 
Sobel operator are denser than that by Canny operator by 
avoiding the precise edge localization. This will benefit the 
following morphology operations. 
 

 
 
Figure. 2. Sobel edge detection operators in four directions. 
 
After convolving the image ),( yxI  with the operators in 
R, G and B component respectively, we get the gradient 

map in the three components ),( yxG r , ),( yxGg , 

),( yxGb  and then the color gradient as 

),(),(),(),( 222 yxGyxGyxGyxG bgr ++=     (1) 

 
An entropic method is employed to determine the threshold 
for edge detector [16]. Supposing that the gradient has 
L levels and let T be the value of edge threshold, we 
define the posteriori entropies as 
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where '
bH and '

wH can be regarded, respectively, as 
measures of the  posteriori information associated with the 
edge and non-edge pixels in terms of a threshold value. By 
maximizing the 'H , we get the optimized threshold for the 
edge detector.  Edge detection result is shown in Fig. 4 (b). 
 
2.2 Getting Blocks Containing Single-line Text 
 
After getting the edge map of the image, we use the 
morphology operations “close” and “open” to connect 
these edges. The morphology mask has a size of 12 x 4 
pixels in our experiments. The “close” operation is used to 
connect the edge-pixels adjacent to each other. The “open” 
operation is used to disconnect edge map where is too 
narrow to contain text. The edge map after morphology 
operations is shown in Fig. 4 (c). 
  
There are lots of detected edge-dense blocks that include 
multi-line texts. We use the projection profile [2] to 
separate these blocks into single-line text. A projection 
profile of an image block is a compact representation of the 
spatial pixel content distribution and has been successfully 
used for document text segmentation. A horizontal / 
vertical projection profile is defined as the vector of the 
sums of the pixel intensities over each column / row. Fig. 3 
shows an example of horizontal projection profiles of the 
edge map, which are depicted as the histogram of edges 
along y-axes. The upper boundaries of text lines are 
marked by steep rises in the projection profile while the 
lower boundaries are marked by steep falls. If profile graph 
lower than a set threshold line at a location, the block will 
be divided into two blocks at the location.  
 

 
 
Figure.3.  An example of horizontal projection profile.  
 
After the projection profile, we get edge-dense blocks that 
contain single-line text as shown in Fig. 4 (d). 
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Figure. 4. Text detection process. (a) Original image. (b) 
Edge map. (c) Edge map after morphology operation. (d) 
Edge map after projection profile. (e) Candidate text boxes. 
(f) Final detection result after verification. 

 
2.3 Getting Candidate Text  
 
By bounding the edge-dense blocks in the edge map after 
profile projection, edge-dense image blocks are gotten. 
According to the attributes of the horizontal text line, we 
make the following rules to confirm candidate text blocks.  
 
a) Text_block_width / text_block_height >2.0 
b) Text_block_height is between 1T  and 2T  
c) Edge_area / text_block_area > 3T .  
 
 In the rule a), text_block_height and text_block_width are 
the height and width of a block. Rule a) is used to restrict 
that a text line will contain at least two words. Rule b) is 
used to limit the size of the text. 1T and 2T are set as 8 
pixels and 32 pixels respectively. Text blocks whose height 
is smaller than 8 pixels or larger than 32 pixels can be 
found in zoomed images. Rule c) is to eliminate blocks that 
contain too few edge pixels. Edge_area is the number of 
edge pixels after the morphology operations, and 
text_block_area is pixel number in the text block. 3T  is set 
to be 0.50 in the experiments. For that there are a 
verification process, we select low values for 1T , 2T  and 3T  
to ensure that all possible text blocks be found here. 
 
By these rules, we can get the candidate text lines. But 
there are still many non-text existing in the candidate ones 

for the reason that they contain lots of edges just like text 
do. A verification process is indispensable. to improve the 
detection performance.  
 
3. Verifying the Candidate Text by 
Wavelet Features and SVM Classifier 
 
In this section, texture features and a SVM classifier are 
used to verify the candidate texts. 
 
3.1 Wavelet Features Extraction  
 
Although text has texture property, this texture is quite 
weak and irregular, only that they include some strokes, 
i.e., horizontal, vertical, up-right-slanting and up-left-
slanting strokes. These strokes are regular to some extent 
when we consider them once a block, but never regular as 
to each pixel. In [9], Li tried to capture this texture 
property by mean, second- and third order central moments 
features in Harr-wavelet domain. In this paper, we 
employed both the statistical and co-occurrence features in 
the wavelet domain to capture the texture property. 
Experiment shows that these features perform better than 
the moment features used by Li. 
 
We first decompose the image with the Daubechies 
wavelet and extract features in the decomposed image. Fig. 
5 is an example of wavelet-decomposed image. There are 
four sub-bands in the image: Low frequency (LL) band, 
Vertical high frequency (LH) band, Horizontal high 
frequency (HL) band and high frequency (HH) band. 
 

 
 
Figure. 5. Decomposed image by Daubechies wavelet.  
 
We  extract the features in LH, HL and HH sub-bands as 
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where M, N is the horizontal and vertical size of a text 
block in a sub-band. ),( jiw is the wavelet coefficient and 
µ  is the mean value of wavelet coefficient. 
 
In addition to these two features, co-occurrence features for 
all of the four sub-bands are used. The features are energy, 
entropy, inertia, local homogeneity and correlation of in 
co-occurrence matrixes in 0, 45, 90 and 135 degree.  The 
features are: 
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where xµ , yµ  and xσ , yσ are means and variances of the 

concurrence matrix ),|,( θdjiP .θ  is the direction of co-
occurrence. d  is the co-occurrence distance, which is set 
to be one pixel in the experiment.  
 
By calculate these features in the 16 co-occurrence 
matrixes in four wavelet sub-bands, we get 80 co- 
occurrence features. Together with aforementioned mean 
and variance features, we get an 86-dimension feature 
vector for a candidate text block.  
 
3.2 Verification by SVM Classifier 
 
Based on the 86-dimension feature vector, we use the SVM 
classifier to train the classification model. The kernel 
function for SVM is a second polynomial kernel as 

2)1(),( yxyxK ⋅+= . 
 
 The SVM was trained on a dataset consisting of 4,000 text 
and 6,000 non-text samples labeled by hand. As it is stated 
in [9], although it is easy to get representative samples, it is 
more difficult to get representative samples of non-text 
since non-text spans a vast space. Then, after get the 
trained model, a “bootstrap” [17] process is employed to 
improve the performance of the classifier. That is, in the 
detection process, the false detected text will be added into 
the non-text set for re-training. The classifier will perform 
better and better in the  “bootstrap” process.  
 
A candidate text will be finally considered as text if it is 
classified as positive case by the classifier. 
 
4. Experimental Result 
 
In our experiments, 1,000 color images (850 frames and 
150 images from WWW) are selected for text detection  
experiments. Before detection, each image is pyramid 
scaled. Detection is applied to all scales using a scale down 
(up) factor of 2.0. The detected texts in various scales will 
be integrated. 
 
Precision and recall [18] are used to evaluate the 
performance of feature and classifier. Detection rate and 
false alarm rate is use to evaluate the performance of the 
whole detection algorithm. They are defined as 

c
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where a  is the number of text classified as text. b  is the 
number of non-text predicted as text, and c  is the total 
number of  truly text in the test set. 
 
In the initial detection, about 98.1% text can be found, but 
the false alarm rate is very high (about 16.2%). This shows 
that it is necessary to further verify the candidate text. In 
the verification step, we first evaluate the performance of 
the selected features and classifier.   
 
Performance comparison between the features used by Li 
in [9] and the features used in our work are listed in Table 
1. Table 2 lists performance comparison of the Decision 
Tree (C4.5), K-mean and SVM classifier. The comparisons 
show that the selected feature performs better than the 
moment features used by Li and the SVM classifier 
performs best for the selected features. 
 
Table 1. Performance comparison of different features  

 Recall Precision 
Used features 94.8% 81.4% 
Features of [9] 93.2% 76.1% 

 
Table 2. Performance comparison of different classifiers 

 Recall Precision 
SVM 94.8% 81.4% 
C4.5 92.2% 82.1% 
K-Mean 88.4% 78.8% 

 
For the whole detection algorithm, 93.2% detection rate   
while 5.1% false alarm rate is reported. In the test images, 
the text blocks contain both Chinese words and English 
words. The detection rate for Chinese text and English text 
are  92.4% and 93.9% which are listed in Table 3. This 
shows that our algorithm is insensitive to both Western and 
Eastern language. 
 
Table 3. Performance comparison on different languages 

 Detection rate False alarm rate 
Chinese texts 92.4% 5.1% 
English texts 93.9% 5.1% 
Combining texts 93.2% 5.1% 

 
For the reason that there does not exit common evaluation 
procedure and test dataset used by researchers, we simply 
list some figures in Table 4 for comparison. The data partly 
refers to the statistics of [19].  The comparison shows that 
our algorithm has a relatively high performance. For text 
shorter than 10 pixels, the detection rate is the highest in 
the existing algorithms. For a 352 x 240 image, only three 
scaled images (two scale-down and one scale-up) are 
needed to find text in almost all of the size. Detected text 
blocks include only one text line, this will benefit the text 
segmentation and recognition procedures. 
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Table 4. Performance comparison of several text detection algorithms  
 Detection rate  False alarm 

rate 
Image size / 
Computer / Used time 

Test sets 

Our 
algorithm 

93.2% a / 75.5%b 5.1% 352 x 240 / 
 Pentium IV/ 0.23 s 

100 images from WWW and 850 
frames from 22 short video sequences 

[11] 92.8 % a /# b # 160 x 120 / 
Sun UltraSparc I / 0.09 s

75 Video frames which include 153 
text blocks 

[12] 94.75 a / 69.5% b 5.3% 352 x 240 / 
 Pentium IV/ 0.21s 

Video frames from 23 short video 
sequences 

[14] 93.0% a / 55.0% b 5.6% 352 x 240 / 
 Pentium IV/ 10.0s 

48 images  

[20] 88.9% a / # b 4.0% 320 x 240/ 
Sun UltraSparc I / 1.2s 

One image from WWW, and 224 
video frames from television video 

# No reported. 
 a Detection rate for word higher than 10 pixels. 
 b Detection rate for word shorter than 10 pixels. 
 
5. Conclusions 
 
By using the edge and wavelet features, we proposed a text 
detection algorithm for image and video frames. The 
algorithm has a good detection performance and is robust 
to language, font-color and size. In the future work of text 
detection in videos, the performance can be further 
improved by integrating the video temporal information.  
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