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Abstract 

 
In this paper we describe a robust approach to 

segment text from color images. The proposed 
approach mainly includes four steps. Firstly, a pre-
processing step is utilized to enhance text blocks in 
images; Secondly, these image blocks are split into 
connected components and most of them are 
eliminated by a component filtering procedure; 
Thirdly, the left connected components are merged into 
several text layers, and a set of appropriate constraints 
are applied to find the real text layer; finally, the text 
layer is refined through a post-processing step to 
generate a binary output. Our experimental results 
show that the proposed approach has a good 
performance in character recognition rate and 
processing speed. Moreover, it is robust to text color, 
font size, as well as different styles of characters in 
different languages. 
 
1. Introduction 
 

Extracting text in images and video frames becomes 
increasingly important in many applications, such as 
images understanding, content-based image retrieval 
system. Most color images have complex background, 
and many video frames tend to be of low resolution. 
These situations pose great challenges to conventional 
optical character recognition (OCR) systems because 
they need clean binary images as input. To provide a 
standard OCR system with its desired input, text 
detection and segmentation in images with complex 
background are two indispensable techniques.  

In the past ten years, text detection has drawn much 
attention from research society [1][2][3], while text 
segmentation from complex background has not been 
studied comprehensively. In [4], Wu evaluated a local 
threshold between background colors and text colors 
and then generated binary images simultaneously. Liu 
[5] used Ostus’s algorithm [6] to obtain candidate 
thresholds, and then identified an optimal threshold 
through the texture features extracted for each 

threshold to perform text segmentation. These color 
thresholding methods assume that the gray scale 
distribution of the image is bimodal, and they work 
well for document images with relatively simple 
background. To deal with complex background, color 
model-based methods were proposed. In [7], Chen first 
modeled the gray level distribution of text pixel values 
in images as a mixture of Gaussians, and then assigned 
each pixel to one of the Gaussian layers based on 
Markov random field (MRF). Since different images 
usually need different color models, it is not easy, 
sometimes impossible, to collect effective training 
samples for a wide range of different images. By 
considering the fact that in most cases text is of 
uniform color, Sobottka [8] clustered text pixels from 
images using an unsupervised clustering algorithm. 
Zhou [9] used an EMST-based clustering approach to 
perform color quantization instead. Drawbacks of these 
color clustering methods are that they are very 
sensitive to noises and character size.  

In this paper, we present an efficient and robust 
approach to segment embedded text from complex 
background. The proposed approach segments text 
image blocks into connected components, and identify 
the components corresponding to text through its color 
and scale information. 

The rest of the paper is organized as follows: We 
describe our approach in details in section 2.  In 
section 3, we give experimental results. Section 4 
concludes the paper. 

 
2. Description of Our Algorithm 
 

The flow chart of the proposed approach is shown 
in Fig.1. It takes an image text block as input, and 
output a binary text image as the segmentation result. 

For an input image, we first locate text lines in it 
using text detection algorithm described in [3]. The 
algorithm first locates candidate text lines using the 
multiscale wavelet features, as well as the structural 
information. Then a SVM classifier is used to identify 
true text from the candidates based on the selected 
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effective texture features. Some examples obtained 
through the text detection algorithm are shown in Fig.2. 
 
 
 
 
 
 
 
 
 
 
Figure 1. Flow chart of the proposed scheme 

 
 
 
 

 
Figure 2. Examples of detected text blocks 

 
2.1. Pre-processing Step 
 

Text blocks extracted from original images usually 
have various sizes. Since standard OCR systems have 
been designed to recognize text at a resolution of at 
least 200dpi to 300dpi, it is required that input text 
blocks have at least 40 pixels in height. At the same 
time, a character with the height larger than 100 pixels 
can not improve OCR performance [10]. In our pre-
processing step, we use cubic interpolation to rescale 
the input text blocks to a fixed target height of 80 
pixels, while preserving the aspect ratio. Then, we 
utilize a Gaussian filter to smooth the text blocks to 
remove noises. The text block after pre-processing is 
shown in Fig.3 (b). 

 
2.2. Splitting Step 

 
Generally the color of text region in an image block 

is roughly uniform, especially for a single character. 
For the preprocessed image blocks, we aggregate all 
the pixels into connected components. Some of these 
components correspond to character strokes. In our 
system, we use the seeded region growing algorithm 
proposed by Adams and Bischof [11] to compute these 
connected components, since we found the algorithm 
locates boundaries well, and can preserve small 
differences inside each component. For the generated 
connected components, we will use further 
computation to identify those background components 
and remove them.   
 

 
 

Figure 3. Text segmentation processes. (a) 
Original text block image. (b) Result of pre-
processing step. (c) Result of splitting step. (d) 
Result of merging step. (e) Result of Post-
processing step 

 
From Fig. 3(b), we can see character strokes mainly 

distribute on the central part of an image block, while 
some background components surround these character 
strokes and extend to the border of the image block. 
Therefore, if a component borders on the image block, 
it will be eliminated as a non-text component. 

Character strokes have regular widths and they are 
very small, compared with the heights of image blocks. 
We proposed a feature called the scale of a connected 
component to reflect this property, and the components 
with too large scale will be eliminated. Let P denote a 
connected component, P={pi, i=1,2,…,N}, where pi is 
a pixel in it. As illustrated in Fig. 4, we draw horizontal, 
vertical and diagonal lines through a pixel x, and each 
of them is cut into a line segment by the edge of a 
stroke. We define s(x) as the shortest length of the four 
line segments, and the scale of a component P can be 
defined as 

 1( ) ( )i
i

S P s p
P

= ∑   (1) 

In this step, a component P is eliminated, if the 
number of the pixels bordering upon image blocks 
exceed a threshold bT or S(P)>ST, where ST is also a 
pre-defined threshold.  

 
 
 
 
 
 
 

Figure 4.  
Computing the 
scale of pixel x 

 Figure 5. Text layers 
generated by 
component clustering 
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The result after this step is illustrated in Fig. 3(c), 
where the black regions in the image block denote the 
eliminated components. 
 
2.3. Merging step 
 

After the splitting stage, we get a set of small 
connected components corresponding to character 
strokes and denoted by S = {Pj, j=1,2,…,M}. Then a 
clustering process is performed to merge the small 
components into several layers, and one of them is 
selected as the final text layer using some heuristics. 
 
2.3.1. Component clustering 
 

Text regions in images are supposed to have strong 
contrast with background regions. Additionally, text 
strokes in a single text block usually have 
homogeneous color and similar width. Based on the 
two clues, we choose the K-means clustering algorithm 
to generate several layers. Concretely, we use two 
features to represent a connected component: S(P) and 
C(P). S(P) is the scale of a component defined by 
formula (1) and C(P) is the average color of all the 
pixels in the component. The clustering distance 
between components P and Q is evaluated by 

 ( , ) ( , ) ( , )C Sd P Q d P Q d P Qλ= + , (2) 

where dC(P,Q) is the Euclidean distance of C(P) and 
C(Q) in CIE Lab color space, and dS(P,Q)=|S(P)-S(Q)|, 
λ  is a weight constant.  

In our algorithm, the number of clusters K is 
adaptively determined. The initial value of K is set to 2, 
and we increase K by one at each iteration until the 
largest variance of the clusters exceeds a pre-defined 
threshold σ . In our experiment, the final value of K 
varies from 4 to 6 in most cases. A clustering result 
under K=4 is shown in Fig. 5. 
 
2.3.2. Text layer selection 
 

For the generated K layers, a real text layer will be 
selected based on several heuristic rules. We uniformly 
divide a candidate text layer into 6 zones in vertical 
direction as shown in Fig. 6. Let f1, f2, …, f6 denote the 
number of pixels in these zones and farea denote the 
area of the entire image block. Let fcc denote the 
number of connected components in this layer. A layer 
cannot be text layer unless it satisfied all of these 
constraints: 

(a)  ( )1 2 3 4 5 2areaT f f f f f T≤ + + + ≤ , 

(b)  ( ) ( )3 1 2 3 4 5 6 31/T f f f f f f T≤ + + + + ≤ , 

(c)  4ccf T≤ , 
where Ti, i=1,…,4 are fixed thresholds. The rule (a) 
requires most text pixels to locate at the central part of 
a text layer, and the proportion of them to the area of 
the input image to fall in a specific range. The rule (b) 
guarantees that text regions are almost vertically 
symmetric. The rule (c) is used to eliminate the layer 
which is composed of too many small components. 

These rules make most false text layers be excluded. 
Three possible results may be obtained: no layer left, 
one layer left and more than one layer left. For one 
layer left, it is just the desired text layer. For no layer 
left, we still select one with the largest f3+f4 in case 
that a true text layer would be missed. For more than 
one layer left, we simply select one with the smallest 
fcc. 

 

 
(a)                         (b) 

Figure 6. Text zones with equal heights. (a) 
Sketch of division of a text layer. (b) 
Histogram of the number of pixels in these 
text zones. 
 
2.4. Post-processing step 
 

The text layer generated can be fed into an OCR 
engine for recognition. But the recognition results are 
not good enough usually, because some real text pixels 
are not included in the selected text layer, that is, many 
character strokes are not complete enough for standard 
OCR system to recognize. We develop two rules to get 
back the missing character pixels. A non-text pixel p 
will be relabeled as a text pixel if it satisfies one of the 
following conditions: 

1) There are more than 3 text pixels in its 8-
connected neighborhood. 

2) There is a text pixel p’ in its 8-connected 
neighborhood and dC(p, p’)<MINVAR, where dC(p, p’) 
is the Euclidean distance between the colors of p and 
p’, and MINVAR is a predefined threshold.  

The final text segmentation result is shown in 
Fig.3(e).  

More examples of text segmentation results are 
shown in Fig. 7, where the left column shows the 
original text blocks and the corresponding 
segmentation results are shown in the right column. 
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Figure 7. Examples of text segmentation 
results. 

 
3. Experimental results 
 

The proposed approach is tested on 250 images 
collected from Internet and 350 video frames. We get 
382 and 415 text blocks respectively after text 
detection. The performance of text segmentation is 
evaluated using the character extraction rate (CER) and 
character recognition rate (CRR) that are defined as: 

 and e rN NCER CRR
N N

= =  

where N is the total number of characters, Ne is the 
total number of extracted characters and Nr is the 
number of characters correctly recognized by a 
standard OCR engine. All experiments are performed 
on a 1.2GHz Intel Pentium IV PC. 

The experimental results are listed in table 1. For 
performance comparison, we implement two other text 
segmentation algorithms in our experiments. One is the 
popular K-Means algorithm, and the other one is MRF-
based algorithm proposed by Chen [7]. From table 1, 
the CER of our algorithm (94.3%) is highest in the 
three algorithms, and the CRR of our algorithm (84.2%) 
is a litter lower than that of the MRF algorithm but 
much higher than that of the K-Means algorithm. The 
speed of our algorithm is 402 characters per second (do 
not include the OCR time), higher than that of the 
MRF algorithm and comparable with that of the K-
Means algorithm. This high processing speed can meet 
the real-time demand in some applications. 

 
Table 1.  Performance comparison among  

K-means, MFR, and our algorithm 
 CER CRR Speed (chars/s) 
Our algorithm 94.3% 84.2% 402 
K-Means  87.8% 69.8% 438 
MRF algorithm 93.4% 88.7% 274 

 
In our experiments, test images contain both 

English and Chinese characters. The comparison of 
performances on the characters of the two different 
languages is listed in Table 2. The results show that the 
proposed algorithm is robust to different styles of 
characters in different languages. 

 
Table 2.  Segmentation performance comparison 

for characters in different languages 
 Text blocks CER CRR 
Chinese texts 355 96.5% 82.4% 
English texts 442 93.6% 84.8% 
Mixed texts 797 94.3% 84.2% 

 
4. Conclusion 
 

In this paper, we present a split-and-merge approach 
for segmenting embedded text from complex images. 
The proposed approach utilizes both the color feature 
and the scale feature of a character stroke. The 
experimental results show that this algorithm has a 
good performance in character recognition rate and 
processing speed, and it is also robust to text color, 
font size, as well as different styles of characters in 
different languages. 
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