
Chapter 2
Video Preprocessing

Video text detection is one of the hot spots in pattern recognition, and a variety of
approaches have been proposed for various real-life applications such as content-
based retrieval, broadcast or game video analysis, license plate detection, and even
address block location. However, in spite of such extensive studies, it is still not
easy to design a general-purpose method [1]. This is because there are so many
possibilities when extracting video texts that have variations in font style, size,
color, orientation, and alignment or from a textured background with low contrast.
Moreover, suppose the input of a text detection system is a sequence of video
frames, the texts in the frames may or may not move, and the video itself can be in
low resolution. These variations make the problem of automatic video text detection
extremely difficult, and we thus need video preprocessing to reduce the complexity
of the succeeding steps probably consisting of video text detection, localization,
extraction, tracking, reconstruction, and recognition.

Figure 2.1 shows a few typical preprocessing stages in video text detection [2].
After inputting an original video frame (Fig. 2.1a), image segmentation techniques
are employed to theoretically extract all the pixels belonging to text (Fig. 2.1b).
Without knowing where and what the characters are, the aim of the segmentation
step here is to initially divide the pixels of each frame from a video clip into two
classes of regions which do not contain text and regions which potentially contain
text. For other methods that consider video scene structures as scene contexts for text
detection, a more general segmentation algorithm is potentially required to partition
each video scene image into several meaningful parts such as street, building,
and sky to reduce the searching space. After segmentation, each video frame can
be considered to consist of homogeneous segments. By filtering the monochrome
segments whose widths and heights are too large or too small to be instances
of video characters (Fig. 2.1c), binarization and dilation are performed as shown
in Fig. 2.1d. Sometimes motion analysis is also adopted to detect corresponding
character candidate regions from consecutive frames since even stationary text in
video may still move by some pixels around its original position from frame to
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Fig. 2.1 Preprocessing stages for video text detection. (a) Original video frame, (b) image
segmentation, (c) after size restriction, (d) after binarization and dilation, (e) after motion analysis,
and (f) after contrast analysis and aspect ratio restriction [2]

frame (Fig. 2.1e). Moreover, to solve the problems like occlusion and arbitrary text
directions, motion analysis is helpful by tracing text from temporal frames. Finally,
image enhancement techniques such as contrast analysis and aspect ratio restriction
(Fig. 2.1f) can be employed to obtain better preprocessing results for further video
text detection or recognition. For example, the manually added graphics texts
usually have a strong contrast between the character regions and their surrounding
backgrounds for highlights and human reading. This property makes contrast
analysis helpful to decide whether directly discarding a video segment or instead
sending the segment for further video text detection and character recognition.

This chapter gives a brief overview of the abovementioned preprocessing
techniques that are often used in video text detection. It is organized as follows. We
first introduce some image preprocessing operators in Sect. 2.1. Sections 2.2 and 2.3
then discuss color-based and texture-based preprocessing techniques, respectively.
Since image segmentation plays an important role in video text detection, we
introduce several image segmentation approaches in Sect. 2.4. Next, Sect. 2.5
discusses motion analysis which is helpful to improve the efficiency or the accuracy
of video text detection by tracing text from temporal frames. Finally, Sect. 2.6
concludes this chapter.

2.1 Preprocessing Operators

Image (or video frame) preprocessing is the term for operations on images (or video
frames) at the lowest level of analysis. Generally, the aim of preprocessing operators
for video text detection is an improvement of the image data by suppressing
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undesired degradations and simultaneously enhancing specific text relevant features.
In this section, we will introduce several typical preprocessing operators that are
either important for enhancing image features or helpful in suppressing information
that is not relevant to video text detection.

2.1.1 Image Cropping and Local Operators

Image cropping is generally the first step after inputting a video frame. In this step,
irrelevant parts in the image will be cropped such that further processing focuses on
the regions of interest and thereby the computational cost is reduced.

Next, image preprocessing transformations are performed on the rest of the
regions. The simplest kind of image preprocessing transformations is local operator
[3], where the value of each output pixel only depends on that of its corresponding
input pixel. Let x be the position of a pixel in an image and f (x) be the value of the
pixel; in the continuous domain, a local operator can be represented by

h.x/ D g.f .x// (2.1)

where the function of g operates over some range, which can either be scalar or
vector valued (e.g., for color images or 2D motion). The commonly used local
operators are multiplication and addition with constants [4]:

g.x/ D af .x/ C b (2.2)

where the two parameters of a and b can be respectively regarded as the gain and
the bias parameters. Examples of local operators include brightness adjustment and
contrast enhancement as shown in Fig. 2.2, where the brightness of every pixel in
Fig. 2.2a is recalculated by g(x) D x C 20 in Fig. 2.2b, while the contrast is enhanced
by g(x) D x * 1.5 in Fig. 2.2c.

Another commonly used operator is the linear blend operator, which is designed
to cross-dissolve two video frames:

g.x/ D .1 � ˛/ f0.x/ C f̨1.x/ (2.3)

By varying ˛ from 0 to 1, it can essentially be considered as an image morphing
algorithm. To automatically determine the best balance between the brightness and
the gain control, one approach is to average all the intensity values in a video
frame, turn the result to middle gray, and finally expand the range to fill all the
displayable values. We can visualize the color of the frame by plotting the histogram
of each individual color channel as well as the luminance values [5]. Based on
these distributions, relevant statistics such as the minimum, the maximum, and the
average intensity values can be computed. Accordingly, histogram equalization can
be performed to find an intensity mapping function such that the resulting histogram
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Fig. 2.2 Example local operators for image (video frame) preprocessing. (a) Original image,
(b) the result by increasing the brightness on the original image g(x) D x C 20, (c) the result by
increasing the contrast g(x) D x * 1.5, and (d) after histogram equalization

is flat. Figure 2.2d shows the result of applying histogram equalization on the
original image in Fig. 2.2a. As we can see, the resulting image becomes relatively
“flat” in the sense of the lacking of contrast.

2.1.2 Neighborhood Operators

Neighborhood operators are often designed to remove noises, sharpen image details,
or accentuate image edges. The most commonly used neighborhood operator is
linear filter, in which the value of an output pixel depends on a weighted sum of
the input pixel values by

g .i; j / D
X

k;l

f .i � k; j � l/ h .k; l/ (2.4)

where h(k, l) is called the weight kernel or the mask, k and l are two parameters for
defining the range of neighbors.
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Fig. 2.3 Some example linear filters. (a) Two examples of average filters, (b) an example video
frame with Gaussian noises, (c) the result after using the average filter with the second mask in (a),
and (d) the result after using the median filter

The simplest linear filter used in video text detection is the average filter, which
simply averages all the pixel values in a K*K window. It can be used for noise
reduction or image blurring by filling the holes in lines or curves and thus remove
unimportant details from an image. In Fig. 2.3, we show two example 3*3 average
filters. The first filter a in Fig. 2.3a yields the standard average of the pixels under
the mask

R D 1

9

X9

iD1
Zi (2.5)

which is the average of the gray levels of the pixels in the 3*3 neighborhood. The
second mask b in Fig. 2.3a yields a so-called weighted average, which assigns
different importance weights to pixels by multiplying different coefficients. Median
filter is another choice for smoothness, which selects the median value from the
neighborhood as the output for each pixel. It can be used to filter certain types of
random noises in video frame as well. Figure 2.3b gives an example video frame
with Gaussian noises, and Fig. 2.3c shows the result after using the average filter
with the mask b in Fig. 2.3a. The result after using the median filter is shown in
Fig. 2.3d.
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The principal objective of image sharpening is to highlight details in a video
frame or enhance the details that have been blurred. A basic definition of the
first-order derivative of a one-dimensional function f (x) is based on the difference

@f

@x
D f .x C 1/ � f .x/ (2.6)

Theoretically, the value of the derivative operator is proportional to the degree of
discontinuity at the point x. In this way, the differentiation operator enhances edges
and other discontinuities (e.g., noises), while the regions with slowly varying gray
values are de-emphasized.

One commonly used first-order differentiation operator is proposed by Roberts
[6] as

Gx D .z9 � z5/ (2.7)

Gy D .z8 � z6/ (2.8)

where the positions of pixels are shown in Fig. 2.4a. Generally, the Roberts operator
is calculated by

Fig. 2.4 Some filter examples. (a) One example table for demonstrating the filters, (b) the result
example video frame (same with Fig. 2.3b) using Roberts filter, (c) the result using Sobel filter,
and (d) the result using Laplacian filter
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rf � jz9 � z5j C jz8 � z6j (2.9)

which is an approximation to the gradient.
Instead, another commonly used first-order Sobel operator [7] approximates the

gradient by using absolute values at point z5 with a 3*3 mask as follows:

rf � j.z7 C 2z8 C z9/ � .z1 C 2z2 C z3/j
C j.z3 C 2z6 C z9/ � .z1 C 2z4 C z7/j (2.10)

where the idea behind is assigning a weight value to achieve smoothing and thereby
giving more importance to the center point.

Following the similar idea of the differentiation operator, we can easily define
the isotropic derivative operator in the second order by

r2f D @2f

@x2
C @2f

@y2
(2.11)

For image or video frame processing, it can be calculated as the difference
between pixels by

@2f

@x2
D f .x C 1/ C f .x � 1/ � 2f .x/ (2.12)

which is called the Laplacian filter. We show the results filtered from Fig. 2.4 using
Roberts, Sobel, and Laplacian operators in Fig. 2.4b–d, respectively.

2.1.3 Morphology Operators

The morphological operators [8] change the shape of an underlying object to
facilitate further video text detection or optical character recognition. To perform
such an operation, we often need first convert a colorful video frame into a binary
image, which has only two elements of either a real foreground or a background
complementary with respect to the other. It can be produced after thresholding as
follows:

™ .f; c/ D
�

1 if f > c
0 else

(2.13)

We then convolve the binary image with a binary structuring element and
accordingly select a binary output value. The structuring element can be any shape,
from a simple 3*3 box filter to more complicated disc structures. Let f be the binary
image after thresholding, s be the structuring element, S be the size of the structuring
element (number of pixels), and c D f *s be the integer-valued count of the number
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Fig. 2.5 Binary image morphology examples: (a) the original image f, (b) dilation, (c) erosion,
(d) majority, (e) opening, (f) closing [4]

of 1s inside each structuring element as it is scanned over f ; the standard operators
for binary morphology can be represented as follows [4]:

1. Dilation: dilate(f,s) D ™(c, 1)
2. Erosion: erode(f,s) D ™(c, S)
3. Majority: maj(f,s) D ™(c,S/2)
4. Opening: open(f,s) D dilate(erode(f,s),s)
5. Closing: close(f,s) D erode(dilate(f,s),s)

Figure 2.5b–f shows the results after using the five binary image morphology
operators on the original character image f in Fig. 2.5a with a 3 * 3 structuring
element s. As we can see from Fig. 2.5, the dilation operator grows (thickens) the
character consisting of 1s, while the erosion operator shrinks (thins) it. The opening
operator tends to smooth its contour and thus eliminate thin protrusions. The closing
operator also tends to smooth contours but simultaneously strengthens thin gulfs and
eliminates small holes by filling the gaps on the contour generally.

2.2 Color-Based Preprocessing

Gray or intensity plays an important role in video text analysis. For a binary
video frame, it is relatively easy to cluster the pixels in the foreground into blocks
which are adjacently linked together and thus segment them from the background
for succeeding character recognition. However, for most video frames which can
have several objects with different color or gray-level variations in illumination,
color-based preprocessing techniques are necessary to reduce the complexity of
succeeding video text detection and recognition.

A color image is built of several color channels, each of them indicating the
value of the corresponding channel. For example, an RGB image consists of
three primary color channels of red, green, and blue; an HSI model has three
intuitive color characteristics as hue, saturation, and intensity; while a CMYK image
has four independent channels of cyan, magenta, yellow, and black. These color
representations are designed for specific devices and have no accurate definitions
for a human observer. Therefore, color transformations are required to convert the
representation of a color from one color space to another more intuitive one.
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For video text detection task, the most common color transformation is the
conversion from an RGB color model to a grayscale representation for performing
other video preprocessing operators. For an RGB color, the lightness method
calculates its grayscale value by

gray D max .R; G; B/ C min .R; G; B/

2
(2.14)

The average method simply averages the RGB values by

gray D R C G C B

3
(2.15)

For better human perception, some methods give a weighted average on different
RGB channels based on the theory that humans are more sensitive to green than
other colors. For example, Hasan and Karam [9] present a morphological approach
for text extraction. In their method, the RGB components of a color input image are
combined to give

gray D 0:299R C 0:587G C 0:114B (2.16)

Sometimes RGB color needs to be converted to the HIS space for text analysis.
The RGB to HSI transformation is

8
<̂

:̂

H D arctan
�

ˇ

˛

�

S D p
˛2 C ˇ2

I D .R C G C B/ =3

(2.17)

with
(

˛ D R � 1
2

.G C B/

ˇ D
p

3
2

.G � B/
(2.18)

Note that although color transformation is relatively simple and many researchers
have adopted it to deal with color video frames, it still faces difficulties especially
when the objects in the same video frame have similar grayscale values [1].
Figure 2.6 shows an example, where Fig. 2.6a is a color image and Fig. 2.6b is its
corresponding grayscale image. Some text regions that are prominent in the color
image become difficult to detect in the gray-level image after color transformation.
To solve this problem, Shim et al. [10] use the homogeneity of intensity of text
regions in images. Pixels with similar gray levels are merged into a group. After
removing significantly large regions by regarding them as background, text regions
are sharpened by performing a region boundary analysis based on the gray-level
contrast.
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Fig. 2.6 Difference between color image and its grayscale image for video text detection: (a) color
image, (b) corresponding grayscale image [1]

Fig. 2.7 A multicolored image and its element images: (a) an input color image, (b) nine element
images [12]

Color clustering is another frequently adopted technique in video preprocessing.
Kim [11] segments an image using color clustering by a color histogram in the RGB
space. Non-text components, such as long horizontal lines and image boundaries,
can be eliminated, potentially facilitating the tracking of horizontal text lines and
text segments. Jain and Yu [12] apply bit dropping on a 24-bit color image to convert
it to a 6-bit image and then quantize it by a color clustering algorithm. After the input
image is decomposed into multiple foreground images, each foreground image goes
through the same text localization stage. Figure 2.7 shows an example of the multi-
valued image decomposition in their method.

Finally, other color-based preprocessing techniques like color reduction can also
help enhance video frames for text analysis in some cases. For example, Zhong
et al. [13] use color reduction to track the connected components (CCs) for text
detection. They quantize the color space using the peaks in a color histogram in
the RGB color space. This is based on the assumption that the text regions cluster
together in this color space and occupy a significant portion of an image. Each text
component goes through a filtering stage using heuristics, such as area, diameter,
and spatial alignment.
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2.3 Texture Analysis

Texture is an important visual clue for video analysis, and a number of texture
features have been proposed in the past decades such as Gabor filters, wavelet, FFT,
and spatial variance. These texture analysis techniques can potentially be helpful for
video text detection by observing the fact that text regions in video frames generally
have distinguished textural properties from their backgrounds. In this subsection, we
prefer to introduce the situations of the recent research which are related to video
text detection, rather than giving a more general introduction to texture analysis
techniques.

Generally, along a horizontal scan line in a video frame, a text line consists
of several interleaving groups of text pixels and background pixels. Accordingly,
in [13], spatial variances along every horizontal line are used to distinguish text
regions from the background. Another interesting observation on image text is that
for a text line, the number of text-to-background and background-to-text transitions
should be the same, and these transitions can be obtained by zero crossings of
row gradient profiles. Figure 2.8 shows an example, where the left part of the row
gradient profile related to a shrimp is irregular compared to the right representing
gradients of the string of that help you [14]. Thereby, text lines can be found by
extracting the rows having regularly alternate edges.

Based on the discussed observations, the maximum gradient difference (MGD)
text feature for text detection is presented [14]. MGD is defined for any one pixel,
as the difference between the max and the min values within a local 1*N window
of the gradient image which can be obtained by any gradient extractor. Specifically,
MGD is defined as follows:

Max .x; y/ D max8t2Œ� N
2 ; N

2 �g .x; y � t / (2.19)

Fig. 2.8 An example image and its gradient profile of the horizontal scan line x D 80 [14]
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Min .x; y/ D min8t2Œ�N=2;N=2�g .x; y � t / (2.20)

MGD .x; y/ D Max .x; y/ � Min .x; y/ (2.21)

Typically, pixels of text regions have large MGD values, while background regions
have small MGD values. The computed MGD values will be helpful to search for
potential text regions. For example, Shivakumara et al. [15] use k-means on the
computed MGD values to classify pixels into two types of texts that have a higher
cluster mean and non-texts that have a relatively lower cluster mean.

Intensity variations also play a useful role in text detection. If we scan horizontal
texts row by row, the scan lines of text regions and background regions will be
different in their distributions of intensity. Pixels in text regions manifest that the
distribution of their intensities are separated with grayscale values of stroke pixels
and between-strokes pixels having relatively high contrast, while those of regions
below and above text are uniform in intensities within a specific domain. Thereby,
the mean and the deviation of grayscale values of potential text segments can be
used to merge neighboring top and bottom text lines to form candidate text regions
by performing bottom-up and top-down scanning. Sometimes the intensities of raw
pixels that make up the textural pattern can be directly fed to a classifier, e.g., the
SVM due to its capability of handling high dimensional data. Kim et al. [16] further
set a mask to use the intensities of a subset of the raw pixels as the feature vector
and accordingly propose a classification-based algorithm for text detection using a
sparse representation with discriminative dictionaries.

Wavelet transform techniques first compute texture features through various
descriptors and then a classifier will be used to discriminate text and non-text or
further respectively cluster them into text and non-text regions by measuring the
Euclidian distances between the texture features. Histograms of wavelet coefficients
are popular to capture the texture properties in detecting texts. As known, 1-D
wavelet coefficients can effectively identify the sharp signals, while 2-D wavelet
transformations can properly capture both signal variations and their orientations.
For text detection, wavelet coefficients will be first calculated for all pixels in each
video frame. Then for a potential text candidate region, the wavelet histogram is
computed by quantizing the coefficients and counting the number of the pixels with
their coefficients falling in the quantized bins. Next, the histogram is normalized by
the value of each bin representing the percentage of the pixels whose quantized
coefficient is equal to the bin. Comparing with the histogram of non-text area,
generally, the average values of the histogram in text lines are large. As shown in
[17], LH and HL bands are used to calculate the histogram of wavelet coefficients
for all the pixels, and the bins at the front and tail of the histogram are found large
in both vertical and horizontal bands, while the bins located in the middle parts
are relatively small. This is potentially due to the contrast between text and its
background.

Rather than histograms, the statistical features of wavelet coefficients are also
employed to capture the texture property of text in video frames. Such statistical
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features typically include energy, entropy, inertia, local homogeneity, mean, and the
second-order (�2) and the third-order (�3) central moments of wavelet coefficients
shown as follows:

energy D
X

i;j
W 2 .i; j / (2.22)

entropy D
X

i;j
W .i; j / log W .i; j / (2.23)

inertia D
X

i;j
.i � j /2W .i; j / (2.24)

Homogeneity D
X

i;j

1

1 C .i � j /2
W .i; j / (2.25)

mean D 1

N 2

X
i;j

W .i; j / (2.26)

�2 D 1

N 2

X
i;j

.W .i; j / � mean/2 (2.27)

�3 D 1

N 2

X
i;j

.W .i; j / � mean/3 (2.28)

where w(i, j) is a wavelet coefficient at position (i, j) of the window with the size
N x N. Shivakumara et al. [18] use 2-D Haar wavelet decomposition to directly
detect video texts based on three high-frequency sub-band images of LH, HL, and
HH. After computing features for pixels, k-means algorithm is applied to classify
the feature vectors into two clusters of background and text candidates. In [19], the
entropy, �2, and �3 are also used to define the texture feature for text detection.
More methods which adopt different wavelets features can be found by referring to
[20–22].

Gray-level co-occurrence matrix (GLCM) is another kind of texture feature
which is computed over a small square window with size N*N centered at the pixel
(x, y). GLCM is a tabulation M encoding how often different combinations of pixel
values (gray levels) occur in a frame. Specifically, M(i, j) counts the number of two
pixels having particular (co-occurring) gray values of i and j . The distance of these
two pixels is d along a given direction � . When divided by the total number of
neighboring pixels along (d,� ) a video frame, the matrix becomes the estimate of
the joint probability p(d,�)(i, j) of the two pixels. Figure 2.9 shows an example of the
construction of the gray-level co-occurrence matrix for d D 1, � D f0ı, 180ıg, and
� D f90ı, 270ıg [52].

Correlation, entropy, and contrast of the gray-level co-occurrence matrix are
further used in [19] to represent image texture. Correlation is used to model the
similarity among the rows or the columns in the matrix, entropy essentially indicates
the complexity of image texture by measuring the randomness of the matrix, while
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0 0 1 1

0 0 1 1

0 2 2 2

2 2 3 3

i/j 0 1 2 3

0 #(0,0) #(0,1) #(0,2) #(0,3)

1 #(1,0) #(1,1) #(1,2) #(1,3)

2 #(2,0) #(2,1) #(2,2) #(2,3)

3 #(3,0) #(3,1) #(3,2) #(3,3)

4 2 1 0

2 4 0 0

1 0 6 1

0 0 1 2

6 0 2 0

0 4 2 0

2 2 2 2

0 0 2 0

Image example Construction of co-occurrence matrix

M(1,{0,180}) M(1,{90,270})

Fig. 2.9 The construction of the co-occurrence matrix [52]

the contrast encodes the variation of pixels in a local region which can be regarded
as the intensity of the texture intuitively. The mentioned features are computed as
follows:

correlation D
XN

iD1

XN

j D1
.i � j / Pd .i; j / � �x�y

�x�y

(2.29)

entropy D �
XN

iD1

XN

j D1
Pd .i; j / log Pd .i; j / (2.30)

contrast D
XnD1

nD0
n2
XN

iD1

XN

j D1
Pd .i; j / ; ji � j j D n (2.31)

where Pd(i, j) is the gray-level co-occurrence matrix with the offset d along any
direction. �x, � x, �y, and � y are the means and standard variances of Px(i) and Py(j),
respectively. Hanif and Prevost [23] further use marginal probabilities of the joint
distribution p(d,�)(i, j) to include texture information, shape, and spatial relationship
between the pixels to discriminate text and non-text.

Gabor filter is also used to model texture in text detection. A 2-D Gabor filter
is essentially a Gaussian kernel modulated by a sinusoidal carrier wave, as defined



2.3 Texture Analysis 33

below, which gives different responses for different positions in a window centered
at (x, y)

g .x; yI ¡; ™; ®; ¢; ”/ D exp

 
�x02 C y2y02

2�2

!
cos

�
2�

x0

�
C '

�

x0 D x cos � C y sin �; y0 D �x sin � C y cos � (2.32)

Given a proper window, the Gabor filter response is obtained by the convolution
with a Gabor filter. Yi and Tian [24] define a suitability measurement to analyze
the confidence of Gabor filters in describing stroke components and the suitability
of Gabor filters. The k-means algorithm is applied to cluster the descriptive Gabor
filters to form clustering centers defined as Stroke Gabor Words (SGWs), which
provide a universal description of stroke components. When testing natural scene
images, heuristic layout analysis is also applied to search for text candidates.

Qian et al. [25] put forward the DCT coefficients in text detection and localiza-
tion. The DCT coefficients from an 8 � 8 image block f (x, y) are expressed as

ACuv D 1
8
CuCv

7X

xD0

7X

yD0

f .x; y/ cos
.2x C 1/ ��

16
� cos

.2y C 1/ �v

16

Cu; Cv D
(

1p
2

u; v D 0

1 others
(2.33)

Three horizontal AC coefficients, three vertical AC coefficients, and one diagonal
AC coefficient from an 8 � 8 block are finally selected to capture the horizontal,
vertical, and diagonal textures. These AC coefficients are used to represent the
texture intensity of the 8 � 8 block approximately by

I .i; j / D
X3

uD1
jACu0 .i; j /j C

X3

vD1
jAC0v .i; j /j C jAC11 .i; j /j (2.34)

Generally, texts have sufficient contrast to the background. Thereby, a region-based
smooth filter F is further adopted to distinguish the text blocks from the background:

F D 1

16

2

4
1 2 1

2 4 2

1 2 1

3

5 (2.35)

Except for the mentioned usages, the limitations of texture-based transformations
for video text preprocessing potentially include its big computational complexity
due to the need of scanning of every video frame at several scales and the lack of
precision due to the inherent fact that only small (or sufficiently scaled down) text
exhibits the properties required by a video text detection algorithm. Additionally,
texture-based preprocessing is typically unable to help detect sufficiently slanted
texts.
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2.4 Image Segmentation

A lot of techniques have been developed to perceive images, which in general
consist of three layers of the so-called Image Engineering (IE): processing (low
layer), analysis (middle layer), and understanding (high layer), as shown in Fig. 2.10
[26]. As the first step of IE, image segmentation greatly affects the subsequent
tasks of video frame analysis including video text detection. Note that in the video
case, every video frame is factorized and treated as an individual image in the
segmentation step as introduced.

The objective of segmentation is to partition an image into separated regions
which ideally correspond to interested objects (e.g., video texts) and accordingly
obtain a more meaningful representation of the image. There are some general rules
to be followed for the regions resulted from segmentation as [27]:

1. They should be uniform and homogeneous with respect to specific characteris-
tics.

2. Their interiors should be simple enough and without too many small holes.
3. Adjacent regions should have significantly different values with respect to the

characteristics on which they are uniform.
4. Boundaries of every segment should be simple, not ragged, and must be spatially

accurate.

Theoretically, each image can be segmented into multiple separated regions using
two strategies, namely, bottom-up segmentation and top-down segmentation. For the
former, pixels are partitioned into regions if they have similar low-level features,
in which image semantics are seldom considered. Super pixels are sometimes
generated for the following analysis. For the latter, pixels are partitioned into regions
by following strong semantics of the image in the tasks like object recognition and
content understanding. We here mainly discuss the bottom-up algorithms which are
considered as a step of video preprocessing without any predefined knowledge or
semantics.

Fig. 2.10 The role of image segmentation [26]
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Generally, the simplest way of bottom-up segmentation is using a proper
threshold to transform a grayscale image to a binary one. The critical issue of
this method is how to select such a proper threshold since spatial information is
ignored and blurred region boundaries will bring havocs. Histogram-based methods
are another simple way of bottom-up segmentation since they only require one
pass through the pixels and therefore are efficient. In these methods, a histogram
is first computed from all the pixels in the image, and then peaks and valleys in the
histogram are detected and used to locate the clusters in the image for segmentation
[28]. In some cases like for a monochrome image, the value between two histogram
peaks can be used as the threshold of binarization, where the background can be
defined by the maximum part of the histogram. Note that binarization of complex
backgrounds through a single threshold value obtained from the histogram will
potentially lead to a loss of object information against the background, e.g., the
texts in Fig. 2.11a, b are lost after binarization using Otsu’s method [29].

Comparatively, edge-based methods make use of edge operators to produce
an “edginess” value at each pixel [30] to obtain edges. Then the regions within
connected edges are considered as different segments since they lack continuity with
other adjacent regions. Edge detection operators are also studied and implemented to
find edges in images, and Fig. 2.12 gives some edge detection results using the Sobel
operator. Generally, edges are useful to provide aids for other image segmentation
algorithms especially in the refinement of segmentation results.

Image segmentation can be formulated as a graph partitioning and optimization
problem. It transforms an image into a weighted indirect graph G D (V, E), where
the vertex set V represents image points in the feature space and the edge set E

Fig. 2.11 Image binarization by a histogram: (a) and (b) are two scene image examples, (c) and
(d) respectively illustrate their binarization results using Otsu’s method [29]
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Fig. 2.12 Edge detection examples with the Canny operator on the second row and Sobel operator
on the last row

represents point connectivity. There in general exists a weight w(i, j) for each edge
to measure the similarity of vertex i and vertex j. Then the vertices are expected
to be partitioned into disjoint sets of V1, V2 : : : Vk, where the similarity between
the vertices in the same set Vi is relatively high by a specific measure, while that
between the vertices across different sets Vi and Vj will be relatively low.

To partition such a graph in a meaningful way, a proper criterion should be
selected to solve the optimization problem effectively and efficiently. A graph can
be partitioned into two disjoint sets by using the edge cut technique which removes
edges connecting two different parts. The degree of dissimilarity between these two
pieces can be computed as the total weight of the edges that have been removed.
In the minimum cut criteria, the quality of a bipartition can be measured by the
following equation where a smaller value indicates a better partition:

cut .A; B/ D
X

u2A;v2B

w .u; v/ (2.36)

However, the minimum cut criteria still has a drawback of obtaining small sets of
isolated nodes in the graph. The normalized cut criteria [34] make an improvement
against it and introduce the size leverage of partition vertices by the following
formulation:

Ncut .A; B/ D cut .A; B/

assoc .A; V /
C cut .A; B/

assoc .B; V /
(2.37)

assoc .A; V / D
X

u2A;v2V
W .u; v/ (2.38)
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Against the former cut criteria, the normalized cut considers association within
a group, and isolated points will no longer have a small cut value to avoid bias
partitions. Formally, let x be a jVj dimension indicating vector with xi D 1 if vi

is partitioned into segment A, and –1 otherwise, W is a jVj � jVj matrix with
Wij D –w(i,j) representing the distance between vertex i and j, and D is a jVj � jVj
diagonal matrix with di DP

jW(i, j). Then let

k D
X

xi >0
di

X
i
di

; b D k

1 � k
; y D .1 C x/ � b .1 � x/ (2.39)

Finally, the image segmentation problem based on normalized cut criteria can be
formulized as an optimization problem [34]:

minx Ncut.x/ D miny
yT .D�W /y

yT Dy

s:t: yT D1 D 0
(2.40)

which can be solved according to the theory of generalized eigenvalue system.
Although there exists a major stumbling block that an exact solution to minimize
the normalized cut is an NP-complete problem, approximate discrete solutions x
can be achieved efficiently from y. Some examples of normalized cut are shown in
Fig. 2.13.

Graph-based segmentation [33] is an efficient approach by performing clustering
in the feature space. Such a method works directly on the data points in the feature

Fig. 2.13 Examples of normalized cut for image segmentation. (a) original image, (b–h) the
segmented regions [34]
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space, without a filtering processing step. The key to the success of these methods
is using an adaptive threshold scheme. Formally, let G D (V, E) represent the image
and a weighting system wE associating with edges. The final segmentation results
S D fV1, V2, : : : , Vrg can be achieved from the following algorithm:

1. Sort E D (e1, e2, : : : , ejEj) according to wE D (w1, w2, : : : wjEj).
2. Initial S0 D ffv1g, fv2g, : : : , fvjVjgg, where each cluster contains exactly one

vertex.
3. For t D 1, 2, : : : , jEj

(a) et D (vi,vj). Vt�1(vi) is the cluster containing vi on the iteration t-1, and
li D max mst(Vt-1(vi)) is the longest edge in the minimum spanning tree of
Vt�1(vi). Likewise for lj.

(b) Merge Vt�1(vi) and Vt�1(vj) if

Wet < min

(
li C k

jV t-1 .vi /j ; lj C kˇ̌
V t-1

�
vj

�ˇ̌
)

(2.41)

where k is a predefined empirical parameter.

4. S D SjEj.

Specifically, during the clustering procedure, a minimum spanning tree of the
data points is first generated, from which any length of edges within a data-
dependent threshold indicates a merging process, in contrast to the mean shift
algorithms which use a fixed threshold. The connected components are merged
into clusters for segmentation. The merging criteria allows efficient graph-based
clustering to be sensitive to edges in regions of low variability and less sensitive to
them in regions of high variability, as shown in Fig. 2.14 [32]. On the other hand,
a graph-based segmentation algorithm can well generate image regions for further
processing.

The mean shift-based method introduced in [31] has also been widely used
in image segmentation recently. It is one of the techniques under the heading of
“feature space analysis.” The mean shift method comprises two basic steps: a mean
shift filtering of the original image data and a subsequent clustering of the filtered
data points. Specifically, the filtering step consists of analyzing the probability

Fig. 2.14 Examples of efficient graph-based image segmentation: (a) original image, (b–d) the
results of different granularities. Note that from fine to coarse, no granularity can generate a
complete butterfly [32]
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Fig. 2.15 Examples of mean shift segmentation: (a) original image, (b–g) the results with different
granularities [31]

density function (pdf) of the image data in the feature space, then finding the
modes of the underlying pdf in a sphere or window and associating with them any
points in their basin of attraction. After mean shift filtering, every data point in
the feature space will be replaced by its corresponding mode. Then clustering is
described as a simple postprocessing step, in which the modes that are less than
a specific kernel radius apart are grouped together and their basins of attraction are
accordingly merged. This suggests using single linkage clustering, which effectively
converts the filtered points into segmentation. Actually, the quantity of the sphere
or windows decides the granularities during segmentation and Fig. 2.15 illustrates
some examples. It can be found that a mean shift algorithm is quite sensitive to the
mentioned window parameters, and a slight variation of the parameters will cause
a large change in the granularity of the segmentation, as shown in Fig. 2.15b–g,
which changes from over-segmentation to under-segmentation. This issue is a
major stumbling block with respect to using mean shift segmentation as a reliable
preprocessing step for other algorithms [32].

2.5 Motion Analysis

Motion analysis has been investigated in many video applications especially for
object tracking or object recognition. It studies methods in which two or more
video frames from an image sequence are processed. As a preprocessing technique,
motion vector analysis from temporal frames is believed helpful for video text
detection. It produces time-dependent information about the motions of both the
foreground objects and their backgrounds to provide hints for identifying texts from
consecutive video frames. Moreover, it potentially plays a key role in detecting
and tracking video texts from multiple directions or with occlusions. For example,
Palma et al. [35] present an automatic text extraction solution for digital video
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based on motion analysis. In their motion analysis module, the correlation between
frames is exploited to improve the results of video text detection. The major goals of
motion analysis are to refine the text detection in terms of removing false alarms in
individual frames, interpolating the location of accidentally missed text characters
and words in individual frames, and temporally localizing the beginning and end of
each word as well as its spatial location within each frame. Their method proposed
for motion analysis is based on the comparison of regions in successive frames and
includes five typical steps:

1. Text Tracking: This step is responsible for tracking the already detected text
along the fames that constitute each text sequence targeting the formation of
temporally related chains of characters. Each character chain here represents
the same character during its existence in the video sequence and consists in a
collection of similar regions, occurring in several contiguous frames. Every time
a character region is detected for the first time, a position is stored and a signature
is computed for that character region by using the features of luminance, size,
and shape. Each frame contributes with one region classified as a character for
the construction of a character chain.

2. Text Integration: This step groups the character chains in order to form words
based on the spatial and temporal analysis of each character chain. Three
temporal elements are adopted: (a) temporary coexistence, (b) duration, and (c)
motion. The chains not included in words at this phase are considered as noise
and are discarded.

3. Character Recovery: Video temporal redundancy is explored to complete the
words with missing characters as least for some frames, e.g., due to noise or too
textured background. In order to complete the words, they are extended to the size
of their biggest chain of characters, and the characters missing in the chains are
recovered by means of temporal interpolation with motion compensation. Thus,
by using temporal redundancy, the text detection for each frame is improved by
completing the words with missing characters for some frames.

4. Elimination of Overlapped Words: It is important to improve the performance
for scene text. Usually, overlapping of words occurs when false words are
detected, e.g., due to shadows or three-dimensional text. Every time two or
more words overlap, more precisely their bounding boxes overlap at least for
one frame; the words with the smaller areas are discarded.

5. Text Rotation: This step performs the rotation of the text to the horizontal
position in order to be recognized OCR systems.

Figure 2.16 shows the benefit of motion analysis for the extraction of text from
video sequences. The result of extracting text from a single frame is shown in
Fig. 2.16b, while Fig. 2.16c shows the result of extracting text for the same frame
but exploiting the temporal redundancy by motion analysis in the context of a
video sequence. In [47], motion analysis is adopted to capture continuous changes
between adjacent video frames, and then the dynamic attention algorithm is used to
detect video caption blocks to search for video text candidates.
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Fig. 2.16 Examples of the benefits of motion analysis for video text extraction: (a) original video
frame, (b) text detection from a single video frame, and (c) better text detection for the same frame
but using temporal redundancy for recovering lost characters [35]

Optical flow is the most common technique used in motion analysis [36–40]
by exploiting two constraints from video frames: brightness constancy and spatial
smoothness. The brightness constancy constraint is derived from the observation
that surfaces usually persist over time, and hence, the intensity value of a small
region in video remains the same despite its position changes [41, 42]. Using
the brightness constancy, gradient methods can be used to analyze the derivatives
of video intensity values to compute optical flows. As a supplement, the spatial
smoothness constraint comes from the observation that neighboring pixels gen-
erally belong to the same surface and thus have nearly the same image motion
characteristic.

Regardless of the difference between the two main types of methods, the majority
are based on the following three stages in computing optical flows:

1. Preliminary processing using appropriate filters in order to obtain the desired
signal structure and improve the signal-to-noise ratio

2. Calculating basic measurements such as partial derivatives after a certain time
period or local correlation areas

3. Integrating the measurements in order to calculate a two-dimensional optical flow

As a representative approach, the Horn-Schunck (HS) method uses global
constraint of smoothness to express a brightness variation in certain areas of the
frames in a video sequence. HS is a specially defined framework to lay out the
smoothness of the flow field, which can be described as follows [46]:

1. Calculate optical flows between two adjacent frames (after registration as
needed).

2. For each pixel in the 2-D optical flow data, perform PCA for a local mask, and
two eigenvalues are assigned to the central pixel.

3. Apply the Otsu’s thresholding to the eigenvalues of all the pixels.

Let I(x,y,t) denote the brightness of a pixel at position (x, y) and the tth frame;
the image constraint at I(x,y,t) with Taylor series can be expressed by

@I

@x
@x C @I

@y
@y C @I

@t
@t D 0 (2.42)
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which results in

Ixu C Iyv C It D 0 (2.43)

where u D @x/@t and v D @y/@t are the x and y components of the velocity or optical
flow of I(x,y,t), respectively. Ix D @I/@x, Iy D @I/@y, and It D @I/@t are the derivatives
of the image at (x,y,t) in the corresponding directions. A constrained minimization
problem can then be formulated to calculate optical follow vector (uk C 1, vk C 1) for
the (k C 1)th frame by

ukC1 � uk D Ix � Ixuk C Iyvk C It

˛2 C I 2
x C I 2

y

(2.44)

vkC1 � vk D Iy � Ixuk C Iyvk C It

˛2 C I 2
x C I 2

y

(2.45)

where uk and vk are the estimated local average optical flow velocities and ˛ is
a weighting factor. Based on the norm of an optical flow, one can determine if
the motion exists or not, while the direction of this vector provides the motion
orientation.

Next, two optical flow images can be constructed by pixel optical flow vector
(u, v). A mask of size n*n slides through these u and v images. At location (i, j),
a two-dimensional data matrix X can be constructed, which includes all the 2-D
vectors covered by the mask. The covariance matrix is calculated as

X
D X

T
X (2.46)

where X is the optical flow matrix after mean removal. After eigendecomposition,
two eigenvalues (	1,	2) are assigned to the central pixel of the mask and motion
detection will be accomplished by analyzing or thresholding the eigenvalues. Since
	1 is the major flow component and 	2 is the minor flow component, it may be
more efficient to consider (	1,	2) than the values in the original (u, v) space. Note
that although only 	1 is intuitively needed to be considered because it corresponds
to the major flow component while 	2 corresponds to the minor flow component
or even turbulence, in practice 	2 is often considered as well since pixels inside
object boundaries usually have quite large 	2 but not 	1,. Thus, thresholding may
need to be taken on the 	2 histogram determined by using the Ostu’s method [29],
and a pixel is claimed to have motion if either 	1 or 	2 is above the corresponding
thresholds.

Figure 2.17a shows the framework of the HS algorithm with a 3*3 mask and
resulting 2*9 data matrices [44]. In Fig. 2.17b, two video frames are input, and the
result after using the HS optical flow method is shown in Fig. 2.17c. The final result
is given in Fig. 2.17d after Kalman filtering.
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Fig. 2.17 The framework of the HS algorithm. (a) The framework of optical flow computation,
(b) two input frames from video, (c) the result after using the HS optical flow method, and (d) the
final result after Kalman filtering [44]

There are two other classic optical flow algorithms, namely, the Lucas-Kanade
method [45] and the Brox method [36]. The Lucas-Kanade method assumes that
the flow is essentially constant in a local neighborhood of the pixel. Thus, the goal
of the Lucas-Kanade method is to minimize the sum of squared error between two
video frames. Since the pixel values are essentially unrelated to its coordinates, the
Lucas-Kanade algorithm assumes that a current estimate of vector p is known and
then iteratively solves for increments to the parameters 
p for optimization. The
Brox method relies on the brightness and gradient constancy assumptions, using the
information of video frame intensities and the gradients to find correspondences.
With respect to the Horn-Schunck method, it is more robust to the presence of
outliers and can cope with constant brightness changes. Głowacz et al. [43] compare
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Table 2.1 Optical flow computation: results of preliminary experiments [43]

Method Image size

Mean calculation
time for a single
frame (s)

Range
(for frames with
no vibration)

Implementation
language

Horn-Schunck
˛ D 31, iter D 8

640 � 480 0.09 [0;2.67] C

Horn-Schunck
˛ D 33, iter D 9

640 � 480 0.10 [0;3.36] C

Lucas-Kanade � D 32 640 � 480 0.09 [0;6.64] C

Brox 640 � 480 36.00 – MATLAB

320 � 240 7.70 [0;0.88] MATLAB

the Horn-Schunck method with these two methods in computing motions from
video. They find that taking into account the effectiveness and calculation time
the Horn-Schunck algorithm is effective at detecting video objects when they are
subject to binarization using a fixed threshold. Table 2.1 presents basic information
on the tests conducted. It can be found that Horn-Schunck and Lucas-Kanade have
similar mean calculation time costs for a single frame. Figure 2.18 gives the results
by respectively using the three optical flow computation methods.

2.6 Summary

This chapter gives a brief overview of preprocessing techniques related to video
text detection. We introduce image preprocessing operators and color-based and
texture-based preprocessing techniques which are most frequently used in video
analysis. Since image segmentation potentially helps reduce the searching space
and more important, provides contextual hints in complex video scenes for video
graphics text and scene text detection, we then give a brief introduction on
automatic segmentation technique. Finally, considering the necessity of temporal
redundancy analysis in detecting texts from video sequences, we introduce how to
compute motions from video frames and how video text detection benefits from
motionanalysis.

Most of the introduced preprocessing operators and methods have been realized
by MATLAB or OpenCV (Open Source Computer Vision Library), so readers can
make use of these open sources for practice. A more systematical and detailed
introduction to the discussed techniques may be found in the references for image
processing and machine vision in [48–51].
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Fig. 2.18 Effects of the optical flow binarization calculated using three methods [43]
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