Available at

PATTERN
RECOGNITION

THE JOURNAL OF THE PATTERN RECOGNITION SOCIETY

www.ElsevierComputerScience.com

POWERED BY SCIENCE @DIREOT"’

PERGAMON Pattern Recognition 37 (2004) 595-608

www.elsevier.com/locate/patcog

Text detection and recognition in images and video frames

Datong Chen*, Jean-Marc Odobez, Hervé Bourlard

Dalle molle Institute for Perceptual Artificial Intelligence (IDIAP), Rue du Simplon 4, Case postale 592,
CH 1920 Martigny, Switzerland

Received 30 December 2002; accepted 20 June 2003

Abstract

This paper presents a new method for detecting and recognizing text in complex images and video frames. Text detection
is performed in a two-step approach that combines the speed of a text localization step, enabling text size normalization,
with the strength of a machine learning text verification step applied on background independent features. Text recognition,
applied on the detected text lines, is addressed by a text segmentation step followed by an traditional OCR algorithm within
a multi-hypotheses framework relying on multiple segments, language modeling and OCR statistics. Experiments conducted

on large databases of real broadcast documents demonstrate the validity of our approach.
© 2003 Pattern Recognition Society. Published by Elsevier Ltd. All rights reserved.
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1. Introduction

Content-based multimedia database indexing and retrieval
tasks require automatic extraction of descriptive features
that are relevant to the subject materials (images, video,
etc.). The typical low-level features that are extracted in im-
ages and video include measures of color [1], texture [2], or
shape [3]. Although these features can easily be obtained,
they do not give a precise idea of the image content. Ex-
tracting more descriptive features and higher level entities,
such as text [4] and human faces [5], has recently attracted
significant research interest. Text embedded in images and
video, especially captions, provide brief and important con-
tent information, such as the name of players or speakers,
the title, location, date of an event, etc. This text can be a
keyword resource as powerful as the information provided
by speech recognizers. Besides, text-based search has been
successfully applied in many applications, while the robust-
ness and computation cost of feature matching algorithms
based on other high-level features is not efficient enough to
be applied to large databases.
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Text detection and recognition in images and video
frames, which aims at integrating advanced optical character
recognition (OCR) and text-based searching technologies,
is now recognized as a key component in the development
of advanced image and video annotation and retrieval sys-
tems. Unfortunately, text characters contained in images
and videos can be any gray-scale value (not always white),
low-resolution, variable size and embedded in complex
backgrounds. Experiments show that applying conventional
OCR technology directly leads to poor recognition rates.
Therefore, efficient detection and segmentation of text
characters from the background is necessary to fill the gap
between image and video documents and the input of a
standard OCR system. Previously, proposed methods can
be classified into bottom-up methods [6—8] and top-down
methods [8—11]. Bottom-up methods segment images into
regions and then group “character” regions into words. The
recognition performance therefore relies on the segmenta-
tion algorithm and the complexity of the image content.
Top-down algorithms first detect text regions in images and
then segment each of them into text and background. They
are able to process more complex images than bottom-up
approaches but difficulties are still encountered at both the
detection and segmentation/recognition stages.
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Fig. 1. Algorithm proposed for text detection and recognition.

The method we propose belongs to the top-down category,
and consists of two main tasks as illustrated by Fig. 1 : a
text detection task, and a text recognition task applied to the
detected text regions. Following the cascade filtering idea,
which consists of the sequential processing of data with
more and more selective filters, the text detection task is
decomposed into two subtasks. These are a text localization
step, whose goal is to quickly extract potential text blocks in
images with a low rejection rate and a reasonable precision,
and a text verification step based on machine learning. Such
an approach allows us to obtain high performance with a
lower computation cost than other methods.

To address the recognition task we propose a multi-
hypotheses approach. More precisely in this approach, the
text image is segmented two or three times, assuming a
different number of classes in the image each time. The
different classes, all considered as text candidates, are
processed by a commercial optical character recognition
(OCR) software, and the final result is selected from the
generated text string hypotheses using a confidence level
evaluation based on language modeling. Additionally, we
propose a segmentation method based on Markov random
field [12,13] to extract more accurate text characters. This
methodology allows us to handle background gray-scale
multi-modality and unknown text gray-scale values, which
are the problems that are often not taken into account in the
existing literature. When applied to a database of several
hours of sports video, it reduces by more than 50% the
word recognition error rate with respect to a standard Otsu
binarization step followed by the OCR.

The rest of the paper is organized as follows. Section 2
presents a more detailed review of text detection and

segmentation/recognition. Section 3 describes the detection
step, whereas Section 4 is devoted to the text recognition
task. Section 5 describes our databases, which come from
two European projects, together with the performance mea-
sures and experimental results of our approach. Section 6
provides some discussions and concluding remarks.

2. Related work

In this section, we review existing methods for text de-
tection and text recognition. These two problems are often
addressed separately in the literature.

2.1. Text detection

Text can be detected by exploiting the discriminate prop-
erties of text characters such as the vertical edge density,
the texture or the edge orientation variance. One early ap-
proach for localizing text in covers of Journals or CDs [8]
assumed that text characters were contained in regions of
high horizontal variance satisfying certain spatial properties
that could be exploited in a connected component analysis
process. Smith et al. [ 14] localized text by first detecting ver-
tical edges with a predefined template, then grouping verti-
cal edges into text regions using a smoothing process. These
two methods are fast but also produce many false alarms
because many background regions may also have strong
horizontal contrast. The method of Wu et al. [9] for text
localization is based on texture segmentation. Texture fea-
tures are computed at each pixel from the derivatives of the
image at different scales. Using a K-means algorithm, pixels
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are classified into three classes in the feature space. The class
with highest energy in this space indicates text while the
two others indicate non-text and uncertainty. However, the
segmentation quality is very sensitive to background noise
and image content and the feature extraction is computation-
ally expensive. More recently, Garcia et al. [11] proposed a
new feature referred to as variance of edge orientation. This
relies on the fact that text strings contain edges in many
orientations. Variation of edge orientation was computed in
local area from image gradient and combined with edge fea-
tures for locating text blocks. The method, however, may
exhibit some problems for characters with strong parallel
edges characteristics such as “i” or “1”.

Besides the properties of individual characters, Sobottka
et al. [7] suggested that baseline detection could be used for
text string localization. More precisely, printed text strings
are characterized by specific top and bottom baselines, which
can be detected in order to assess the presence of a text
string in an image block.

The above manually designed heuristic features usually
perform fast detection but are not very robust when the
background texture is very complex. As an alternative, a few
systems considered machine learning tools to perform the
text detection [10,15]. These systems extracted wavelet [10]
or derivative features [15] from fixed-size blocks of pixels
and classified the feature vectors into text or non-text using
artificial neural networks. However, since the neural network
based classification was applied to all the possible positions
of the whole image, the detection system was not efficient
in terms of computation cost and produced unsatisfactory
false alarm and rejection rates.

2.2. Text recognition review

Since commercial OCR engines achieve high recognition
performance when processing black and white images at
high resolution, almost all the methods in the literature that
addressed the issue of text recognition in complex images
and videos employed an OCR system. However, these OCR
systems cannot be applied directly on regions extracted by
a text localization procedure. Experience shows that OCR
performance in this context is quite unstable [6], and sig-
nificantly depends on the segmentation quality, in the sense
that errors made in the segmentation are directly forwarded
to the OCR.

Some bottom-up based-techniques addressed the segmen-
tation problem for text recognition. For instance, Lienhart
[6] and Bunke [7] clustered text pixels from images us-
ing standard image segmentation or color clustering algo-
rithm. Although these methods can avoid explicit text lo-
calization, they are very sensitive to character size, noise
and background patterns. On the other hand, most top-down
text segmentation methods are performed after text string
localization. These methods assume that the gray-scale dis-
tribution is bimodal and that characters a priori correspond
to either the white part or the black part, but without pro-

viding a way of choosing which of the two possibilities
applies. Great efforts are thus devoted to performing better
binarization, combining global and local thresholding [16],
M-estimation [17], or simple smoothing [9]. However, these
methods are unable to filter out background regions with
similar gray-scale values to the characters. If the character
gray-scale value is known, text enhancement methods can
help the binarization process [18]. However, without proper
estimation of the character scale, the designed filters cannot
enhance character strokes with different thickness [19]. In
videos, multi-frame enhancement [10] can also reduce the
influence of background regions, but only when text and
background have different movements.

These methods mostly considered segmentation as the
main way to improve the text recognition results. In Section
4, we propose a multiple hypotheses framework to achieve
the same goal.

3. Text detection

There are two problems in obtaining efficient and robust
text detection using machine learning tools. One is how to
avoid performing computational intensive classification on
the whole image, the other is how to reduce the variance
of character size and gray scale in the feature space before
training. In this paper, we address these problems by propos-
ing a localization/verification scheme that quickly extracts
text blocks in images with a low rejection rate. This local-
ization process allows us to further extract individual text
lines and normalize the size of the text. We then perform
precise verification in a set of feature spaces that are invari-
ant to gray-scale changes.

3.1. Text localization

The first part of the text localization procedure consists of
detecting text blocks characterized by short horizontal and
vertical edges connected to each other. The second part aims
at extracting individual text lines from these blocks.

3.1.1. Candidate text region extraction

Let S denote the set of sites (pixels) in an input image.
The task of extracting text-like regions, without recognizing
individual characters, can be addressed by estimating at each
site s (s € ) in an image / the probability P(T|s, I ) that this
site belongs to a text block and then grouping the pixels with
high probabilities into regions. To this end, vertical and hor-
izontal edge maps C, and Cj are first computed from the di-
rectional second derivative zeros produced by a Canny filter
[20]. Then, according to the type of edge, different dilation
operators are used so that vertical edges extend in horizontal
direction while horizontal edges extend in vertical direction:

Dy(s) = Cu(s) ® Rect, and  Dy(s) = Ci(s) & Recty.
(1)
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Fig. 2. Candidate text region extraction. (a) original image, (b) vertical edges detected in image (a), (c) horizontal edges detected in image
(a), (d) dilation result of vertical edges using 5 X 1 vertical operator, (e) dilation result of horizontal edges using 3 X 6 horizontal operator,

(f) candidate text regions.

The dilation operators Rect, and Rect; are defined to have
the rectangle shapes 1 x 5 and 6 x 3. Fig. 2 (b) and (c¢)
displays the vertical and horizontal edges resulting of this
process for the video frame showed in Fig. 2(a). The ver-
tical and horizontal edge dilation results are shown in Fig.
2(d) and (e). Due to the connections between character
strokes, vertical edges contained in text-like regions should
be connected with some horizontal edges, and vice versa,
we consider only the regions that are covered by both the
vertical and horizontal edge dilation results as candidate text
regions. Thus, the probability P(T'|s,I) can be estimated as

P(T|s,1) = Du(s)Di(s). 2)

Fig. 2 (f) illustrates the result of this step.

The above text detection procedure is fast and invariant
to text intensity changes. Also, ideally, the threshold of the
edge detection step can be set in such a way so that no true
text regions will be rejected. The false alarms resulting from
this procedure are often slant stripes, corners, and groups of
small patterns, for example human faces. Their number can
be greatly reduced using the techniques introduced in the
next sections.

3.1.2. Text line localization in candidate text regions

In order to normalize text sizes, we need to extract indi-
vidual text lines from paragraphs in candidate text regions.
This task can be performed by detecting the top and bottom

Fig. 3. Text line localization: (a) candidate text region with located
baselines (top and bottom boundaries), (b) the rectangle boundaries
of candidate text lines.

baselines of horizontally aligned text strings. Baseline de-
tection also has two additional purposes. Firstly, it will elim-
inate false alarms, such as slant stripes, which do not con-
tain any well-defined baselines. Secondly, it will refine the
location of text strings in candidate regions that contain
text connected with some background objects. This base-
line detection is performed by three algorithms described in
Ref. [4].

Fig. 3(a) illustrates the result of applying this text line
localization step in Fig. 2(f). Typical characteristics of text
strings are then employed to select the resulting regions
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and the final candidate text line should satisfy the follow-
ing constraints: it contains between 75 and 9000 pixels; the
horizontal—vertical aspect ratio is more than 1.2; the height
of the region is between 8 and 35. Fig. 3(b) shows the rect-
angle boundaries of the candidate text lines. In general, the
size of the text can vary greatly (more than 35 pixels high).
Larger characters can be detected by using the same algo-
rithm on a scaled image pyramid [9].

3.2. Text verification

As in other work, the text localization procedure described
in the previous subsection is rather empirical and may there-
fore produce false alarms (i.e. non text regions). To remove
these false alarms, we used verifiers trained on both positive
(text) and negative (false-alarms) examples resulting from
the localization step. There are two kinds of machine learn-
ing methods based on either empirical risk minimization or
structural risk minimization. The empirical risk minimiza-
tion based methods, e.g. multi-layer perceptrons (MLP),
minimize the error over the data set, whereas structural risk
minimization methods, e.g. support vector machines (SVM)
[21], aim at minimizing a bound on the generalization error
of a model in high-dimensional space. The training examples
that lie far from the decision hyperplanes will not change
the support vectors, which may indicate better generaliza-
tion on unseen backgrounds. In this section, both MLP and
SVM are tested for the text verification task.

3.2.1. Feature extraction

After the text localization step, each candidate text line is
normalized using bilinear interpolation into an image / hav-
ing a 16 pixels height. A feature image /, is then computed
from . The fixed size input feature vectors z; for the MLP or
SVM are directly extracted from /y on 16 x 16 sliding win-
dows. Since the gray-scale values of text and background
are unknown, we tested four alternative features invariant to
gray-scale changes.

3.2.1.1. Gray-scale spatial derivatives features. To mea-
sure the contribution of contrast in the text verification pro-
cess, the spatial derivatives of the image brightness function
in both the X and Y directions are computed at each site s.

3.2.1.2. Distance map features. Since the contrast of text
characters is background dependent, the brightness spatial
derivatives may not be a stable feature for text verification.
Thus, we considered as a second feature image the distance
map DM, which only relies on the position of strong edges
in the image. It is defined by [22]

VseS, DM(s)= melg d(s,si), 3)
where £ C § is a set of edge points, and d is a dis-

tance function, in our case the Euclidean distance. Though
the distance map is independent of the gray-scale value of

characters, the edge set £ still relies on the threshold em-
ployed in edge detection.

3.2.1.3. Constant gradient variance features. To avoid
the need for a threshold, we propose a new feature, called
constant gradient variance (CGV), to normalize the contrast
at a given point using the local contrast variance computed
in a neighborhood of this point. More formally, let g(s)
denote the gradient magnitude at site s, and let LM (s) (resp.
LV (s)) denote the local mean (resp. the local variance) of
the gradient defined by

LM(s) = |(;—| > g(s) and

Si€Yy

LV(s)= ﬁ S (g(s1) — LM(s))’, “)

;€Y
where ¥, is a 9 X 9 neighborhood around s. Then, the CGV
value at site s is defined as

GV
LV(s)’

CGV(s) = (g(s) — LM(s)) (5)
where GV denotes the global gradient variance computed
over the whole image grid S. It can be shown that statisti-
cally, each local region in the CGV image has a zero mean
and the same contrast variance equal to the global gradient
variance GV.

3.2.1.4. DCT coefficients. The last feature vector we
tested is composed of discrete cosine transform (DCT) co-
efficients computed over 16 x 16 blocks using a fast DCT
algorithm presented by Feig [23]. These frequency domain
features are commonly used in texture analysis.

3.2.2. Multi-layer perceptrons ( MLPs)

MLPs are a widely used neural network, usually consist-
ing of multiple layers of neurons: one input layer, hidden
layers and one output layer. Each neuron in the hidden or
output layers computes a weighted sum of its inputs (each
output of the neurons in the previous layer) and then passes
this sum through a non-linear transfer function to produce
its output. In the binary classification case, the output layer
usually consists of one neuron whose output encodes the
class membership. In theory, MLPs can approximate any
continuous function, and the goal in practice consists of es-
timating the parameters of the best approximation from a
set of training samples. This is usually done by optimizing
a given criterion using a gradient descent algorithm.

3.2.3. Support vector machine (SVMs)

SVMs are a technique motivated by statistical learning
theory which have shown their ability to generalize well in
high-dimensional spaces [24,25], such as those spanned by
the texture patterns of characters. The key idea of SVMs is
to implicitly project the input space into a higher dimen-
sional space (called feature space) where the two classes
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are more linearly separable. This projection, denoted ¢,
is implicit since the learning and decision process only
involve an inner dot product in the feature space, which
can be directly computed using a kernel K defined on
the input space. An extensive discussion of SVMs can
be found in Ref. [21]. In short, given m labeled training
samples: (x1, ¥1),...,(Xm, Ym), where y; = 1 indicates the
positive and negative classes, and assuming there exists a
hyperplane defined by w¢(x) + b = 0 in the feature space
separating the two classes, it can be shown that w can be
expressed as a linear combination of the training samples,
iLe.w=7> 4;y;¢(x;) with 4; > 0. The classification of an
unknown sample z is thus based on the sign of the SVM
function:

G) =Y 4yyidx))d(z)+ b
j=1

= 4yiK(x,2) + b, (6)

J=1

where K(x;,z)=¢(x;)$(z) is called the kernel function. The
training of an SVM consists of estimating the 4; (and b) to
find the hyperplane that maximizes the margin, which is de-
fined as the sum of the shortest distance from the hyperplane
to the closest positive and negative samples.

3.2.4. Training

The database consists of samples extracted from the text
and non-text examples resulting from the localization step.
It was divided into a training set and a test set of equal size.
Training and testing were performed using either an MLP
or a SVM classifier.

The MLP network consists of one input layer, one hidden
layer and one output layer with one neuron. We used the
sigmoid as transfer function, and the network was trained
using the backpropagation algorithm and the standard tech-
niques for input normalization, initialization, learning rate
decay. The number of hidden neurons, which is related to
the capacity of the MLP, is chosen by performing a M-fold
cross validation on the training set.

The SVM classifier is trained using standard quadratic
programming technique. As the kernel, we choose the Radial
basis function (RBF) defined by

K(x,xj) = e~ lrolier, (7)

where the kernel bandwidth ¢ is determined by M-fold
cross-validation.

3.2.5. Text-line verification

In the text verification step, the feature vectors discussed
in Section 3.2.1 and provided to the classifier are extracted
from the normalized candidate text line on 16 x 16 slid-
ing windows with a slide step of 4 pixels. Thus, for each
candidate text line r, we obtained a set of feature vectors
Z.=(z,...,z;). The confidence of the whole candidate text

line r is defined as
_1
V271og

where d; is the distance from the geometric center of the
ith sliding window to the geometric center of the text line
I, 09 is a scale factor depending on the text line length, and
G(z;) denotes the output of the MLP or the magnitude of
the SVM (cf. Eq. (6)), which indicates the confidence that
the vector z; belongs to a text line. Finally, the candidate
text line r is classified as a real text region if Con f(r) = 0.

2 2
e i, ®)

1
Conf(r)= G() x
i=1

4. Text recognition

In this section, we first describe the overall text recogni-
tion scheme. We then describe more thoroughly the different
elements of the algorithm.

4.1. Overall description

Most of the previous methods that addressed text recog-
nition in complex images or video worked on improving the
binarization method before applying an OCR module. How-
ever, an optimal binarization might be difficult to achieve
when the background is complex and the gray-scale dis-
tribution exhibits several modes. Moreover, the gray-scale
value of text may not be known in advance. These problems
are illustrated by the image of Fig. 2(a) and examples of
detected text lines in Fig. 4.

Figs. 5 and 6 outline the multi-hypotheses approach we
propose to handle these problems. A segmentation algorithm
that classifies the pixels into K classes is applied on the text
image. Then, for each class label, a binary text image hy-
pothesis is generated by assuming that this label corresponds
to text and all other labels correspond to background. This
binary image is then passed through a connected component
analysis and gray-scale consistency constraint module and
forwarded to the OCR system, producing a string hypothesis
(see Fig. 6). Rather than trying to estimate the right number
of classes K, e.g. using a minimum description length cri-
terion, we use a more conservative approach that varies K

B g ; L >
RAGNARISKANAKEL ™
e A @

a

Fig. 4. Examples of detected textlines.
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from 2 to 3 (resp. 4), generating in this way five (resp. nine)
string hypotheses from which the text result is selected.

4.2. Segmentation methods

Let o denote the observation field o = {0s,s € S}, where
oy corresponds to the gray-level value at site (pixel) s. We
assume that the image intensity distribution is composed of
K classes, also referred to as layers. Each class is expected
to represent regions of the image having similar gray levels,
one of them being text. The segmentation is thus stated as
a statistical labeling problem, where the goal is to find the
label field e = {e,,1 < e, < K,s € S} that best accounts for
the observations, according to a given criterion. To perform
the segmentation, we tested 3 algorithms. In the first two
cases, the probability that a gray value o, arises at a given
site s within a particular layer i is modeled by a Gaussian,
ie. pi(os) = N (Wi, o).

4.2.1. The basic EM algorithm
Here, individual processes are combined into a probabilis-
tic mixture model according to

po) =) plosles =k)ple; =k) =Y mepi(or).  (9)

k=1 k=1

Given an image, the goal is thus to find the set of parame-
ters (@, ) = (Ui, 0i, Ti )i=1,..xk maximizing the likelihood of
the data set o defined as L?(0) = In p(0) = 3 ¢ In p(oy).
Using the standard “expectation—-maximization” (EM)
algorithm [26], the expected log-likelihood of the complete
data (i.e., observations and labels) can be iteratively maxi-
mized with respect to the unknown data (the labels). Af-
ter maximization, the labels can be assigned to the most
probable layer according to the following rule:

Vs e, =argmax p;(oy). (10)
4.2.2. The Gibbsian EM (GBEM) algorithm

Although the EM algorithm is able to capture most of
the gray-level distribution properties, it does not model the
spatial correlation between assignment of pixels to layers,
resulting in noisy label images. To overcome this, we in-
troduce some prior by modeling the label field as a Markov
random field (MRF). Then, instead of using the simple rule
(10) to estimate e, we perform a MAP optimization, i.e., we
maximize the a-posteriori distribution of the labels given
the observations. Due to the equivalence between MRF and
Gibbs distribution [12], we have

__ 1 ve

ple) = Z0n ¢ ,
where Z(V') is a normalizing constant that cannot be
computed in practice due to the high dimension of the
configuration space. Thus, the MAP optimization is equiv-
alent to the minimization of an energy function U(e,0)
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given by
Ue,0) = U/ (e) + U{(e,0), (11)
with

Uf(e,0)=" (~In pe,(0)), (12)

sES

expressing the adequacy between observations and labels,
as in the EM algorithm. For the definition of U;, we only
considered second-order neighbors and set U; to

Ul (e) = Z Vii(es) + Z Vis(eser)

s€S (s.t) ECpy

+ Z Vl“;(es,e[), (13)

(s,1) € diag

where @, (resp. Gaiag) denotes the set of two elements
cliques (i.e. two neighbor pixels) in the horizontal/vertical
(resp. diagonal) direction. The V' are the (local) interaction
potentials which express the prior on the label field. One
may wish to learn these parameters off-line, from examples.
However, the use of learned parameters in the optimization
process would require knowing the correspondence between
learned labels/layers and current ones. ! Moreover, the scale
of the characters plays an important role in the optimum
value of these parameters.

The second algorithm we propose consists of estimating
all the parameters ©@ = (¢, V') using an EM procedure [13].
Recall that the expectation step involves the computation of

E[ln p§o,0"1 =Y In(pS(e,0) pe(e)) plule0)  (14)

which is then maximized over ®. Two problems arise
here. First, this expectation on pgf, cannot be computed
explicitly neither directly. Instead, this law will be sampled
using Monte Carlo methods, and the expectation will be
approximated along the obtained Markov chain. We used a
Gibbs-sampler for the simulation.

Second, the joint log-likelihood probability p€ is not
completely known, because of the presence of the uncom-
putable normalizing constant Z(}') in the expression of
p(e). To avoid this difficulty, we use the pseudo-likelihhod
function [13] as a new criterion, that is, in Eq. (14), we
replace p(e) by its pseudo-likelihood ps(e) defined from
the local conditional probabilities:

ps(e) = [ plesles,), (15)

sES

where eg, represents the label in neighborhood of s. Using
this new criterion, the maximization of expectation (14) can
be performed, providing new estimates of (u;, s;) and V.
The complexity of the GBEM algorithm is approximately 4
times greater than the complexity of the EM algorithm.

I Remember that text may be black, white or gray.

4.2.3. The Kmeans algorithm

In this method, the goal is to find the K means of the dis-
joint subsets S; (the layers) which minimizes the intra-class
variance [27], that is

K
=33 Nos = wl’ = llos — e, |I"

i=1 seS; seS
The minimization can be achieved using standard algo-

rithms, which iteratively assign each data to the class of the
nearest center and then recompute the means.

4.3. Postprocessing: connected component analysis
(CCA) and grayscale consistency constraint (GCC)

To help the OCR system, a simple connected component
analysis is used to eliminate non-character regions in each
hypothesis based on their geometric properties. We only
keep connected components that satisfy the following con-
straints: size is bigger than 120 pixels; width/height ratio is
between 4.5 and 0.1; the width of the connected component
is less than 2.1 times the height of the whole text region.

Since we only consider 2—4 layers, regions from the back-
ground with a gray value slightly different from that of char-
acters may still belong to the text layer/class. We thus de-
veloped another module to enforce a more stringent gray
consistency among the connected components (see Fig. 6):
after the CCA step, we estimate with a robust estimator
[28] the gray-level mean m™ and standard deviation st* of
the set S, of sites belonging to the remaining regions. More
precisely, a least-median squares estimator is employed to
identify the gray-level value that fits the majority of pixel
gray-level values and then eliminate the pixel with outlier
gray-level values. m* and st* are estimated on the remain-
ing valid pixels using standard formula [28]. Finally, a con-
nected component is eliminated from the layer if more than
50% of its pixels have a gray level value different than the
majority of pixels, that is, verify
los — m”|

st*

An illustration of the result of this step is displayed in
Fig. 7.

> k. (16)

4.4. OCR and result selection

The selection of the result from the set of strings generated
by the segmentation processes (see Fig. 5) is based on a
confidence value evaluation relying on language modeling
and OCR statistics. From a qualitative point of view, when
given text-like background or inaccurate segmentation, the
OCR system produces mainly garbage characters like ., ,!,
&, etc. and simple characters like i,1, and r.

Let T = (T;)i=1..; denote a string where /r denotes the
length of the string and each character 7; is an element of
the character set

7 =(0,...,9a,...,2,4,...,Z,Gp),
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KASVIO

Fig. 7. Applying gray-scale consistency: (a) original image, (b)
text layer (3 layers, GBEM algorithm), (c) same as (b), after the
connected component analysis, (d) same as (c), after the gray-level
consistency step.

in which G, corresponds to any other garbage character.
Furthermore, let H, (resp. H,) denote the hypothesis that
the string 7 or the characters 7; are generated from an ac-
curate (resp. a noisy) segmentation. The confidence value
is estimated using a variant of the log-likelihood ratio

Cy(T) =log (%) +1lr*b (17)

=log(p(T|Hs)) —log (p(T|Hy)) + Ir b (18)

when assuming an equal prior on the two hypotheses and b
is a bias that is discussed below. We estimated the noise free
language model p(.|H,) by applying the CMU-Cambridge
Statistical Language Modeling (SLM) toolkit on Gutenberg
collections. > A bigram model was selected. Cutoff and back-
off techniques [29] were employed to address the problems
associated with sparse training data for special characters
(e.g. numbers and garbage characters). The noisy language
model p(.|H,) was obtained by applying the same toolkit on
a database of strings collected from the OCR system output
when providing as input to the OCR either badly segmented
texts or text-like false alarms coming from the text detection
process. Only a unigram model was used because the size
of the background data set was insufficient to obtain a good
bigram model. The bias b is necessary to account for the
string length. It was observed that without this bias, the like-
lihood ratio would quite often select strings with only a few
quite reliable letters instead of the true string. By incorpo-
rating this bias in the confidence value, the selection module
was encouraged to compare string results whose length was
in accordance with the underlying text image width. Setting
b = 0.7, the confidence value is defined as
Ir
CuT) = log p(Ti|H,) + > _log p(Ti|Ti—1, H,)

i=2

Ir

= log p(T;|Hy) + 0.7 % I7.

i=1

2 www.gutenberg.net

5. Experiments and results

In this section, we report results on text localization, text
verification, and text recognition.

5.1. Text localization results

The text localization step is evaluated on a half hour video
containing a Belgian news program* in French provided by
Canal+ in the context of the CIMWOS* European project.
The performance of the text localization step is measured in
terms of rejection rate and precision.

We counted the text strings that were correctly located.
A ground-truth text region is considered to be correctly lo-
cated if it has an 80% overlap with one of the detected string
regions. With the proposed method, we extracted 9369 text
lines and 7537 false alarms in the CIMWOS database. There
were no rejected regions. The precision of this localization
step on this database is 535509535 = 55.4%. A detailed com-
parison between the algorithm proposed in subsection 3.1,
the derivative texture algorithm [9], and the vertical edge
based algorithm [14] can be found in Ref. [30].

5.2. Text verification results

The text verification algorithms were designed and trained
on a database consisting of still images and half an hour of
video recorded from TV. The videos contain excerpts from
advertisements, sports, interviews, news and movies. The
still images include covers of journals, maps and flyers. The
video frames have a size of 720 x 576 and are compressed in
MPEG, while the still images have a size of 352 x 288 and
are compressed in JPEG. Only the gray-scale information
was used in the experiments.

The feature extraction, training and testing procedures de-
scribed in Section 3.2 were applied on this database. More
precisely, 2400 candidate text regions containing both true
text lines and false alarms were randomly selected from the
output of the text localization step applied on this database.
From these regions the feature extraction step produced
76,470 vectors for each of the four kinds of features. It was
ensured that the test set and the training set contained vec-
tors extracted from the same windows (i.e. same image and
location) in all the experiments, where one experiment is
characterized by a couple (classifier, feature).

Table 1 lists the error rate measured on the test set for
each feature and for each classifier. First of all, we can see
that these results are very good and better than those re-
ported when running the classifier on the whole image with-
out applying size normalization (13-30% [15]). Addition-
ally, the proposed scheme runs approximately five times
faster. Second, whatever the considered feature, the SVM

3From the Radio-Télévision Belge d’expression Frangaise
(RTBF).
4 Combined Tmage and Word Spotting.
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Table 1
Error rates of the SVM and MLP classifiers for the text verification
task

Training tools DIS (%) DERI (%) CGV (%) DCT (%)
MLP 5.28 4.88 4.40 4.72
SVM 2.56 3.99 1.07 2.0

DIS denotes the distance map feature. DERI denotes the
grayscale spatial derivative feature. CGV denotes the constant gra-
dient variance feature. DCT denotes the DCT coefficients.

classifier gives better results than the MLP classifier, show-
ing its ability to generalize better. Finally, we can see that
the proposed constant gradient variance feature provides the
best result. This can be explained by its better invariance to
text/background contrast.

The SVM classifier together with the CGV feature was
employed to verify the extracted text regions of the CIM-
WOS database, based on the confidence value given by
Eq. (8). This verification scheme removed 7255 regions of
the 7537 false alarms while only rejecting 23 true text lines,
giving a 0.24% rejection rate and a 97% precision rate. Fig.
8 shows examples of detected text on some images in our
databases.

5.3. Text recognition results

The multiple hypotheses recognition scheme was tested
on a sports database of the Barcelona 1992 Olympic games
provided by the BBC in the context of the ASSAVID?®
European project. From about five hours of video, we only
kept approximately 1 h of video that contained text. The
text localization and verification algorithms were applied. As
the text regions located in consecutive video frames usually
contain similar text and background, the video data results
where sub-sampled in time, leading to a database of 1208
images containing 9579 characters and 2084 words. Text
characters are embedded in complex background with JPEG
compression noise, and the grayscale value of characters is
not always the highest, as shown in Fig. 8.

To assess the performance of the different algorithms, we
use character recognition rate (CRR) and character precision
rate (CPR) that are computed on a ground truth basis as

N N,

CRR = — d CPR=—
~ o o

N is the true total number of characters, N, is the number of
correctly recognized characters and N, is the total number
of extracted characters. The number of correctly recognized
characters is computed using an edit distance ® between the

5 ASSAVID : Automatic Segmentation and Semantic Annotation
of Sports Videos.

© The edit distance of two strings, s; and s;, is defined as the
minimum number of character operations needed to change s; into
sy, where an operation is one of the following: deletion, insertion,
substitution.

recognized string and the ground truth.” More precisely, let
I7, del, ins and sub, respectively, denote the length of the
recognized text string, the number of deletions, insertions,
and substitutions obtained when computing the edit distance.
The number N, of correctly recognized characters in this
string is then defined as

N, = Ir — (del + sub).

Intuitively, if in order to match the ground truth, we need
to delete a character or substitute a character, it means that
this character is not in the ground truth.

Additionally, we compute the word recognition rate
(WRR) to get an idea of the coherency of character recog-
nition within one solution. For each text image, we count
the words from the ground truth of that image that appear
in the string result. Thus, WRR is defined as the percentage
of words from the ground truth that are recognized in the
string results.

We first report results where the string result is selected
from the hypotheses generated by applying the segmenta-
tion algorithm one time with a fixed K value, and when
applying only the connected component analysis as a post-
processing step. This will serve as a baseline for the rest of
the experiments. Table 2 lists the results obtained with the
three described segmentation methods.

It can be seen that the usual bi-modality (K = 2) hy-
pothesis yields the best character and word recognition
rate with the GBEM and Kmeans algorithms. However, in
the case of K = 3, the Kmeans algorithm also gives quite
similar results. Indeed, some text images are composed of
grayscale characters, contrast contours around characters,
and background (see Fig. 4). In this case, the gray-scale
values are better modeled with 3 or more clusters. Under the
bimodality assumption (K =2), the GBEM algorithm yields
better results than the typical Otsu’s binarization method
(Kmeans with K =2) in terms of both CRR and WRR. This
is probably due to the regularization power of the GBEM
algorithm, which learns the spatial properties of the text
and background layers. It helps in avoiding over segmenta-
tion, as can be seen from the example of Fig. 9. However,
the improvement is not very important and is deceptive. It
can be explained by the fact that the MRF approach mainly
improves the character shape, a kind of noise the OCR
has been trained on and to which it is probably not very
sensitive.

The gray-scale consistency constraint (GCC) technique
described in Section 4 was added to the baseline system,
and the corresponding results are listed in Table 2. When
K =2, they show an increase in absolute value of about
4% of the WRR together with an increase of 1.2% of both
the CRR and the CPR. This is due to the ability of the
GCC to remove burst-like noise (i.e. significant background
regions with a slightly different gray-level value than

7 Only numeric, upper and lower case letters are kept.
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e

Fig. 8. Detected text regions in images or video frames.

Table 2
Recognition results: number of extracted characters (Ext.), character recognition rate (CRR), precision (CPR) and word recognition rate
(WRR)
K Algorithm Ext. CRR (%) CPR (%) WRR (%)
EM 7715 74.9 93.1 61.0
2 GBEM 9300 92.8 95.6 83.5
Kmeans 9260 92.5 95.7 82.8
Without EM 9239 89.9 93.2 80.9
GCC 3 GBEM 9302 89.9 92.6 80.7
Kmeans 9394 91.3 93.1 82.2
EM 9094 87.4 92.1 71.7
4 GBEM 9123 88.3 92.8 79.9
Kmeans 9156 88.0 92.1 79.7
EM 7914 77.9 94.2 66.2
2 GBEM 9307 94.0 96.8 87.1
Kmeans 9291 93.8 96.7 86.8
With EM 9245 90.3 93.6 81.7
GCC 3 GBEM 9268 89.5 92.5 81.1
Kmeans 9395 91.2 93.0 83.4
EM 9136 88.0 923 78.9
4 GBEM 9123 87.7 92.1 79.1
Kmeans 9195 88.9 92.6 80.4

characters) which greatly impairs the recognition of the
OCR. For higher values of K, the increase is less important.
Indeed, in these cases, the gray-scale consistency constraint
is inherently better respected.

Table 3 lists the results obtained by generating 5 or 9
hypotheses (using K = 2 to 4) in the multi-hypotheses
framework. Without employing the GCC postprocessing,
the method achieves a 96.6% CRR and a 93.1% WRR,
which constitutes a reduction of more than 50% for both

rates with respect to the best baseline result (GBEM with
K = 2). These results demonstrate first the complementary
of the solutions provided when assuming different K values,
and second the ability of our selection algorithm to choose
the right solution. Interestingly, the results obtained with
9 hypotheses are not better than the results obtained using
only 5 hypotheses. It probably means that the segmentation
with K = 4 does not generate additional interesting results
with respect to the K =2 and 3 cases.
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When integrating the GCC algorithm in the multiple hy-
potheses framework, we can notice that the GCC postpro-
cessing improves the result when using the Kmeans or EM
segmentation algorithms and remain similar for the GBEM
algorithm. This smaller improvement, when compared to the
improvement obtained when adding the GCC to the base-
line, can be explained by the fact that the multiple hypothe-
ses framework has less need for burst-noise elimination,
since it can select between alternative modelization of the
gray-level distribution.

EM.2 : “WOMENS3 RIFLE FINALISTS”
GBEM.2: “WOMEN3 A RIFLE FINALISTS”

Kmeans.2: “WOMEN’S AIR RIFLE FINALISTS”

AN AN AIET (TN

Kmeans.3: “,.”.,0r.1Erl S AIR FIIF E Flrlg IS”

Fig. 9. Segmentation output of the three studied algorithms and
associated recognition results using 2 or 3 layers/classes.

Table 3

6. Discussion and conclusions

This paper presents a general scheme for extracting and
recognizing embedded text of any gray-scale value in images
and videos. The method is split into two main parts: the
detection of text lines, followed by the recognition of text
in these lines.

Applying machine learning methods for text detection
encounters difficulties due to character size and gray-scale
variations and heavy computation cost. To overcome these
problem, we proposed a two-step localization/verification
scheme. The first step aims at quickly locating candidate
text lines, enabling the normalization of characters into a
unique size. In the verification step, a trained SVM or MLP
is applied on background independent features to remove the
false alarms. Experiments showed that the proposed scheme
improves the detection result at a lower cost in comparison
with the same machine learning tools applied without size
normalization, and that an SVM was more appropriate than
an MLP to address the text texture verification problem.

The text recognition method we propose embeds the tra-
ditional character segmentation step followed by an OCR
algorithm within a multiple hypotheses framework. A new
gray-scale consistency constraint (GCC) algorithm was
proposed to improve segmentation results. The experiments
that were conducted on approximately 1 h of sports video
demonstrate the validity of our approach. More specifically,
when compared to a baseline system consisting of the stan-
dard Otsu binarization algorithm, the GCC postprocessing
step was able to reduce the character and word error rates
by more than 20%, showing its ability to remove burst-like
noise that greatly disturbs the OCR software. Moreover,
added to the multiple hypotheses framework, the whole sys-
tem yielded approximately 97% character recognition rate
and a more than 93% word recognition rate on our database,
which constitutes a reduction of more than 50% w.r.t.

Recognition results from 5, 9 hypotheses, with or without GCC: number of extracted characters (Ext.), character recognition rate (CRR),

character precision rate (CPR) and word recognition rate (WRR)

K Algorithm Ext. CRR CPR WRR
EM 9480 93.3 94.3 86.7
2,3 GBEM 9606 96.6 96.3 93.1
Without Kmeans 9565 96.6 96.8 92.8
GCC EM 9417 93.2 94.8 86.8
2,3,4 GBEM 9604 96.6 96.2 93.0
Kmeans 9547 96.6 97.0 92.9
EM 9449 94.0 95.3 88.1
2,3 GBEM 9579 96.5 96.5 92.8
With Kmeans 9587 97.1 97.0 93.7
GCC EM 9411 93.9 95.6 88.1
2,3,4 GBEM 9557 96.6 96.8 93.0
Kmeans 9560 97.0 97.2 93.8
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the baseline system. This clearly shows that (i) several text
images may be better modeled with 3 or 4 classes rather than
using the usual 2 class assumption (ii) multiple segmentation
maps provide alternative solutions and (iii) the proposed
selection algorithm based on language modeling and OCR
statistics is often able to pick up the right solution.

We proposed to use a maximum a posteriori criterion with
a MRF modeling to perform the segmentation. Used as a
traditional binarization algorithm, it performed better than
Otsu’s method. However, embedded in the multi-hypotheses
system with GCC, it yielded similar results to the Kmeans.
Thus, the latter is preferred for real applications since it runs
faster.

The performance of the proposed methodology is good
enough to be used in a video annotation and indexing sys-
tem. In the context of the ASSAVID European project, it
was integrated with other components (shot detector, speech
recognizer, sports and event recognizers, etc.) in a user in-
terface designed to produce and access sports video anno-
tation. A simple complementary module combining the re-
sults from consecutive frames containing the same text was
added. User experiments with librarians at the BBC showed
that the text detection and recognition technology produced
robust and useful results, i.e. did not produce many false
alarms and the recognized text was accurate. The same pro-
posed scheme is currently used in the CIMWOS project to
index French news programs.
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