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Abstract. In this paper, we propose a new text detection algorithm for
images/video frames in a coarse-to-fine framework. Firstly, in the coarse
detection, multiscale wavelet energy feature is employed to locate all
possible text pixels and then a density-based region growing method is
developed to connect these pixels into text lines. Secondly, in the fine
detection, four kinds of texture features are combined to represent a text
line and a SVM classifier is employed to identify texts from the candi-
date ones. Experimental results on two datasets show the encouraging
performance of the proposed algorithm.

1 Introduction

Text contains semantic information and can do significant contribution to video
database retrieval and image understanding tasks. For example, texts in news
videos usually annotates information on where, when, and who of the happening
events [1]. Texts in sport video tell us some important events.This has inspired
a long research on detecting texts in images and videos[1-8]. These works are
mainly based on the following properties of text:

1) Dense intensity variety(or gradient);
2) Contrast between text and its background;
3) Structural information;
4) Texture property.
In this paper, we categorize the existing approaches as: Text detection using

1) edge (gradient) feature [2][3][4], 2)using connected component analysis [5], 3)
using texture feature [1][6], 4) using temporal features[7][8]. In the first kind of
algorithm, “horizontal rectangle structure of clustered sharp edges” [3] will be
considered or classified as text blocks. Although these approaches can produce a
high recall rate, they produce many false alarms because background may also
have edges(gradient) like text. Jain’s work [5] is representative one of second
kinds of algorithms. He first decomposes an image into multi-color map and then
selects foreground pixel by analyzing connect components of same color. Finally
structure properties are adopted to identify text. In the third kind of algorithm,
researchers considered text as a kind of texture and use wavelet domain texture
feature [6], DCT features [1], etc. to discriminate text with the rest of world.
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Fig. 1. Flow chart of the proposed algorithm

Video temporal information is also employed for text detection [7][8]. In this
paper, we propose a new text detection algorithm in coarse-to-fine framework
by integrating properties of text in spatial domain. Property 1), 2) is employed
to getting candidate text regions. Property 3) is adopted to separate regions into
text lines. Property 4) is used to discriminate text/ nontext . We combine four
kinds of features to capture the text’s texture property. A SVM classifier, which
has the good generalization ability, is employed to classify text with nontext.
The algorithm has a high speed by avoiding classifying the image block by block
Fig.1. is the flow chart of proposed algorithm.

In the rest of the paper, coarse detection is presented in section 2, fine de-
tection in section 3. Experimental result is presented in section 4.

2 Text Coarse Detection

We take horizontal text line as an example to state the algorithm. Vertical and
skewed text lines can be detected by a rotated the region growing template.

2.1 Image Decomposition with Multiscale Wavelets

Daubichie4 wavelet is selected for represent images for its good location perfor-
mance [10] which is computed by applying filters on the image as

Ln(bi, bj) = [Hx ∗ [Hy ∗ Ln−1]↓1,2]↓1,2(bi, bj)
Dn1(bi, bj) = [Hx ∗ [Gy ∗ Ln−1]↓1,2]↓1,2(bi, bj)
Dn2(bi, bj) = [Gx ∗ [Hy ∗ Ln−1]↓1,2]↓1,2(bi, bj)
Dn3(bi, bj) = [Gx ∗ [Gy ∗ Ln−1]↓1,2]↓1,2(bi, bj) (1)
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Fig. 2. Texts in two font-sizes and their wavelet decomposition in two levels

where * denotes the convolution operator,(↓1,2) subsampling along rows
(columns) and L0 is the original image,H and G are high and low bandpass filters
respectively. bi, bj are the locations in two directions, (Ln, Dnk)k=i,2,3n=1,2,...,lis
the multiscale representation of l depth of the image. Ln is the low resolution
image in scale n, Dnk is the wavelet response obtained by filtering containing
the intensity variety in scale n that can be adopted to detect text in different
font-size. Fig.2 shows that texts with different sizes are emphasized in differ-
ent scales. It also implies that we can extract text in different sizes from the
translated image.

2.2 Candidate Text Region Detection

Considering intensity variety (property 1) around the text pixels, the wavelet
coefficients around the pixels must have large values (as shown in Fig.3b). We
define the wavelet energy feature (WE) of a pixel at (i, j) in scale n by integrating
the wavelet coefficients in the three high frequency subbands (LH,HL and HH
subbands) as

En(bi, bj) =
(
(

3∑

k=1

[Dnk(bi, bj)]2)
)1/2 (2)

A pixel will be a candidate text pixel in level n if its WE is larger than a
threshold, which is described as

Cn(i, j) =
{

1 ifEn(bi, bj) > Tc

0 otherwise
(3)

where Cn(i, j) is the map of candidate text pixels in level n (Fig.3b, in the map,
candidate pixels in first level are projected into original image). Tcis a threshold
whose value should ensure that all of the text pixels can be perceived by human
be discriminate as candidate pixels. Value of 30.0 is selected for Tc.

A text region is made of a “cluster” of text pixels. Isolated pixels are often
noises. Previous researchers [2][9] use morphological algorithm to connect text
pixels into text regions. In the operation, all of the pixels near to each other will
be connected despite whether they are a “cluster” of pixels or not (Fig.3c). In
this paper, “density-based” region growing is proposed to fulfill this task.

A pixel P will be a seed pixel if the percent of candidate pixels in its neigh-
borhood is larger than a threshold TD. The neighborhood is a 16 × 10 template



A New Text Detection Algorithm in Images/Video Frames 861

Fig. 3. (a) Original image, (b) Candidate pixels, (c) Candidate text regions by mor-
phological “close” operation and (d) by “density-based” region grow.

in all of the levels. To find text lines in non-horizontal directions, we rotate the
template 30 degree each time and getting 6 templates. TD is set as 0.35 in our
experiments. We define that pixel P ′ is density-connected with pixel P if P ′ is in
the neighborhood of P and P is a seed pixel. By this definition, we can describe
region growing method as follows:

1) Search the unlabeled pixels to find a seed pixel.
2) If a seed pixel P is found, a new region is created. We iteratively collect

unlabeled pixels density-connected with P , and label these pixels by same label.
3) If there are still seed pixels goto 2).
4) Label founds region as text regions.

Some of the detected text regions contain multi-line texts. A projection profile
[4] is employed to separate these regions into single-line text. A text line will be
discarded if its width/height is smaller than 2.0 or height smaller than 8 pixels.

3 Text Fine Detection

Things taking on violent gradient may be detected as text, especially general
textures. In the followings, we will use texture features to reduce false alarms.

3.1 Feature Extraction

Text’s texture property such as regularity, directionality is weak, only that it
contains strokes forming a text line. We combine four kinds of features to capture
the property.
1)Waveletmomentfeatures : Text and nontext have different intensity variance
and spatial distributions. Wavelet mean and central moments features can reflect
these differences. For a M × N text line , the mean (m), second-order (µ2) and
third order (µ3) central moments are calculated as

m(T ) = 1
M×N

∑M−1
i=0

∑N−1
j=0 T (i, j)

µ2(T ) = 1
M×N

∑M−1
i=0

∑N−1
j=0 (T (i, j) − m(T ))2

µ3(T ) = 1
M×N

∑M−1
i=0

∑N−1
j=0 (T (i, j) − m(T ))2 (4)
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The features in (4) are calculated in the high frequency subbands (HL, LH
and HH subbands) in the level where the candidate text line be found. There
are 9 features.
2)Wavelethistogramfeature : Histogram is the effective feature to represent
the first order distribution of signatures. In this paper we use Wavelet energy
histogram (WEH) and Wavelet direction histogram (WDH) to represent the
energy and direction distribution of a text line. WEH is equally quantized into
16 dimensions and WDH 4 dimensions. For a text line, the bins at the front
and finality of WEH should be large while bins in the middle parts of the WEH
should be small. This is caused by the contrast between text and its background.
WDH includes horizontal, vertical, dialog, and non-direction bins. We say that a
candidate pixel has a horizontal (vertical, dialog) direction when Dn1(Dn2, Dn3)
is the largest one among Dnk. All non-candidate pixels will be non-direction
pixels.
3)Waveletcooccurrencefeatures : The element (i, j) of the cooccurrence matrix
C(d, θ) is defined as the joint probability a wavelet coefficient Dnk = i cooccurs
with a coefficient Dnk = i on a distance d in a direction θ . The features are
energy, entropy, inertia, local homogeneity and correlation of the cooccurrence
matrixes as

Energy : E(d, θ) =
∑

i,j C2(d, θ)
Entropy : H(d, θ) =

∑
i,j C(d, θ) log C(d, θ)

Inertia : I(d, θ) =
∑

i,j(i − j)2C(d, θ)

Localhomogeneity : L(d, θ) =
∑

i,j
1

1+(i−j)2 C(d, θ)

Correlation : R(d, θ) =
∑

i,j
(i−µx)(j−µy)C(d,θ)

σxσy
(5)

where µx, µy and σx, σy are means and variances of C(d, θ).θ is the direction
selected as 0, 45, 90 and 135 degree. d is the cooccurrence distance, which is set
to be one pixel. We get totally 80 features in 4 matrixes in 4 subbands.
4)Crossingcounthistogramfeature : The above features do not consider the
periodicity of text along the text line. We capture this periodicity in the gradient
map (Fig.4b) by proposing a new feature. We first project gradient values into
one dimension data along the horizontal direction and get gradient projection
map (GPM) (Fig.4c). After a Gaussian smoothing (Fig.4d), it can be seen that,
there are regularity and periodicity in the GPM. Then, we use the crossing count
histogram (CCH) to measure the periodicity property. A crossing count is the
number of times the pixel value change from 0 (white) to 1 along a horizontal
raster scan line (Fig.4d gives an example). This feature can be used to measure
the complexity and regularity of GMP while is not sensitive to the magnitude of
the periodicity. Suppose Ck, K = 1, 2, ..., N , is the crossing count on a horizontal
scan line k, the crossing count histogram Hk is calculated as

Hk =
Ck∑n
l=1 Cl

(6)
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Fig. 4. Crossing count histograms. a) is a text line, b) is the gradient image, c) is the
gradient projection and d) is the smooth gradient projection and a scan line.

We equally divide the histogram features into 16 bins. We get totally 141 fea-
tures, based on which a SVM classifier is employed to classify text with nontext.

3.2 Identification Using SVM

SVM is proposed by Vapnik and have yield excellent results in various two-
class classification problems [11] in recent years. The important advantage of
the support vector classifier is that it offers a possibility to train generalizable,
nonlinear classifiers in high-dimensional spaces using small training set [12]. The
SVM classifier uses the structural risk minimization to find the hyperplane that
optimally separates two classes of objects. The hyperyplane is computed as

f(x) = sgn
( n∑

i=1

yiαiK(x, x∗
i ) + α0

)
(7)

where sgn is a sign function, K is a kernel functions, yi ∈ {−1, 1} is the class
label of the data point x . The x∗

i are support vectors and define the separat-
ing hyperplane. The parameters αi are optimized during training. The kernel
function used in this paper is a second polynomial K(x, x∗

i ) = (1 + x∗
i )

2for its
better performance compared with other kernels. The SVM was trained on a
dataset consisting of 1,300 text lines and 3,000 non-text lines. After get the
trained model, a “bootstrap” [13] process is used to improve the classification
performance. Fig.5 is an example of coarse and fine detection results.

Fig. 5. Detection result. (a) is the candidate texts and (b) is the final results



864 Q. Ye and Q. Huang

Fig. 6. Final detected text lines

Table 1. Performance comparison of three algorithms

Recall False alarm Speed 25
Our algorithm 93.6% 2.4% 8.0 images/s
Algorithm [3] 91.4% 5.6% 1.5 images/s
Algorithm [6] 94.3% 8.1% 2.2 images/s

4 Experimentation

We select two test sets for experiments One is our test includes 400 images from
CCTV video frames and 100 scene images gotten by digital camera. The other
is Microsoft test set including 44 images [14]. The image size is 400 x 328 pixels.
The test sets consist of a variety of cases, including texts in different sizes, colors
and languages, light text on dark background, text on textured background, etc.
The algorithm performs robust on a majority of the images as examples in Fig.6.

Recall and false alarm rate are used to evaluate as algorithm. Recall rate
is the percentage of truly text detected as text. False alarm rate is the percent-
age of non-text detected as text. The 93.7%/93.5% and 2.4%/2.4% recall/false
alarm rates show the good performance of this algorithm. The great decrease
of false alarm rate from the coarse to fine detect has proved the validity of fine
detection. The detection rates for Chinese and English text in all of the test sets
are 93.4% and 93.7% respectively which shows that proposed algorithm is robust
to languages.We compare the proposed algorithm with [6] and [3]. It can be seen
(Table 1) that our algorithm has the fastest speed. Both the recall rate and false
alarm rate is better than algorithm [3]. Although the recall rate is litter lower
than that of algorithm [6], the false alarm (2.4%) is much lower.

5 Conclusion

A new text detection algorithm for image/video frames is proposed, which has
high detection speed and low false alarm rate even for text in complex back-
ground by using texture features combination and SVM-based classification.
Detected result is text line that will benefit the text recognition in future works.



A New Text Detection Algorithm in Images/Video Frames 865

References

1. Y. Zhong, H.J. Zhang, and A. K. Jain: Automatic Caption Localization in Com-
pressed Video. IEEE Trans. on PAMI, Vol. 22, No. 4, (2000)385-392

2. V. Wu, R. Manmatha, and E. M. Riseman: Textfinder: An Automatic System
to Detect and Recognize Text in Images. IEEE Trans. on PAMI, Vol. 20, (1999)
1224-1229.

3. R. Lienhart and A. Wernicke: Localizing and Segmenting Text in Images and
Videos. IEEE Trans. on CSVT, Vol.12, No.4 (2002)

4. A.K. Jain and B. Yu: Automatic Text Location in Images and Video Frames.
Pattern Recognition. Vol. 31, No. 12, (1998)2055-2076

5. Y. Zhong, K. Karu, and A. K. Jain, “Locating text in complex color images,”
Pattern Recognition. Vol. 28, (1995) 1523-1535

6. H. Li, D. Doermann, and O. Kia: Automatic Text Detection and Tracking in Digital
Video. IEEE Trans. on Image Processing, Vol. 9, No.1 (2000)

7. X. Tang, X. B. Gao, J. Liu and H. Zhang: Spatial-Temporal Approach for Video
Caption Detection and Recognition. IEEE Trans. Neural Networks, Vol.13,(2002)
961-971.

8. B. Luo, X.O Tang, J.Z Liu and H. Zhang: Video Caption Detection and Extraction
Using Temporal Feature Vector. in: Int. Conf. on Image Processing,(2003)

9. D. T. Chen, H. Bourlard, J-P. Thiran: Text Identification in Complex Background
Using SVM. Int. Conf. on CVPR (2001)

10. S.G Mallat: A Theory for Multiresolution Signal Decomposition: The Wavelet Rep-
resentation. IEEE Trans. on PAMI, Vol.11, No.7 (1989)

11. V.N. Vapnik: The Nature of Statistical Learning Theory, Springer, (1995)
12. A.K. Jain: Statistical Pattern Recognition: A Review. IEEE Trans. on PAMI, Vol.2,

No.1, (2001) 4-37
13. K. Sung and T. Paggio: Example-based Learning for View-based Human Face

Detection. Mass, Inst. Technol., Cambridge, MA, A.I. Memo 1521 (1994)
14. X.S. Hua, W.Y. Liu, H.J. Zhang: Automatic Performance Evaluation for Video

Text Detection. In: Int. Conf. on Document Analysis and Recognition (2001)


	Introduction
	Text Coarse Detection
	Image Decomposition with Multiscale Wavelets
	Candidate Text Region Detection

	Text Fine Detection
	Feature Extraction
	Identification Using SVM

	Experimentation
	Conclusion

