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ABSTRACT

This paper presents a probabilistic algorithm for segmenting
and recognizing text embedded in video sequences. The al-
gorithm approximates the posterior distribution of segmen-
tation thresholds of video text by a set of weighted samples.
After initialization the set of samples is recursively refined
by random sampling under a temporal Bayesian framework.
The proposed methodology allows us to estimate the opti-
mal text segmentation parameters directly in function of the
string recognition results instead of segmentation quality.
Results on a database of 6944 images demonstrate the va-
lidity of the algorithm. 1

1. INTRODUCTION

Text recognition in video is one of the key components in
the development of advanced video annotation and retrieval
systems. Text characters contained in video can be any
grayscale value and embedded in consecutive frames with
complex changing backgrounds. To recognize these text
characters, a segmentation step is necessary before apply-
ing an optical character recognition (OCR) software, even
when the whole text string is well located. Therefore, a
large amount of work on text segmentation from complex
background has been published in recent years.

Most text segmentation methods are performed after text
string is located in images. These methods assume that the
grayscale distribution is bimodal and devote efforts to per-
form better binarization such as combining global and lo-
cal thresholding [1], M-estimation [4] and simple smooth-
ing [11]. However, the bimodal hypothesis is not always
fulfilled. In [3], multiple hypotheses segmentation method,
which assumes that the grayscale distribution can be k-modal
(k=2,3,4), has been shown to improve the recognition per-
formance. To exploit the temporal information provided
by consecutive frames of a given text string, Sato [9] and
Lienhart [7] computed the maximum or minimum value at
each pixel position over consecutive frames. However, this

1This work has been performed in the framework of the “Combined Im-
age and Word Spotting” project granted by the European IST Programme.

method can only be applied on black or white characters. Li
[6] proposed a multi-frame enhancement which computes
the average of pre-located text regions in multiple frames
for further segmentation and recognition. The average im-
age has smaller variance of noise but may propagate blur
characters in frames. A common drawback of these tempo-
ral methods is that they require accurate text image align-
ment at the pixel level.

In order to use the temporal information at a higher level
than the pixel level, we can exploit different recognized text
strings obtaining by segmenting consecutive text images of
the same text string. This implies that segmentation needs
to be performed on each individual text images from differ-
ent frames. However, applying traditional segmentation on
every frame has two problems. Firstly, it is not efficient in
terms of computation cost. For a given video text string, the
segmentation characteristics in different frames are varying
but not completely unpredictable. Thus, the optimal param-
eters of the previous frame could be reused instead of per-
forming an individual segmentation again. Secondly, tra-
ditional segmentation algorithms usually rely on predefined
criterions which may not always yield segmentation results
that would lead to good recognition [10]. In other words,
the segmentation quality in our case should be validated us-
ing recognition results instead of any predefined criterion
on grayscale values of the image. In fact, applying an OCR
software on visually similar segmentation results of a same
text image can lead to different recognized strings.

To address these two problems, in this paper, we present
a Monte Carlo video text segmentation (MCVTS) method to
segment text characters of any grayscale values by exploit-
ing temporal information. Generally, a segmentation of text
image can be regarded as a process that searches for a cou-
ple of thresholds (lower and upper) covering the grayscale
values of text pixels. The MCVTS method performs a tradi-
tional segmentation of the text image in the first frame and
propagate the resulting threshold couples to other frames
using a particle filter approach. By introducing random-
ness in the exploration of the space of possible segmenta-
tion parameters in a Bayesian framework, the particle rep-
resentation allows to adapt to changes of grayscale values
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both in the text and background by maintaining multiple-
hypotheses. In the presence of ambiguities and instabilities,
the new method compensates OCR errors encountered when
applying current OCR systems on video text. These errors
are mainly due to the low resolution of characters (before re-
sizing and interpolation), the short length of the string and
their unknown font.

A detail description of the MCVTS algorithm is pro-
posed in Section 2. In the third section, we present experi-
ments and discussion.

2. ALGORITHM

2.1. Bayes filtering

Bayes filters address the problem of estimating the posterior
probability p(xt |o1:t) of a dynamic state given a sequence
of observations, where xt denotes the state at time t and o1:t

denote the observation sequence from time 1 to time t. In
the MCVTS algorithm, the state xt = (u, l)t is characterized
by a upper (u) and a lower (l) segmentation threshold and
the observations are the grayscale text images extracted and
tracked in consecutive video frames. Thus, the goal of the
video text segmentation filtering is to estimate the states that
lead to an accurate segmentation of the text images, or, bet-
ter, to correctly recognized strings.

To derive a recursive update equation for the posterior,
we exploit Bayes rule :

p(xt+1|o1:t+1) = αp(ot+1|xt+1,o1:t) p(xt+1|o1:t)

where α = p(ot+1|o1:t)
−1 is a normalization constant. The

prediction term p(xt+1|o1:t) can be expanded by marginal-
izing over the state at time t:

p(xt+1|o1:t) =

�
xt

p(xt+1|xt ,o1:t) p(xt |o1:t)dxt .

Assuming independence of observations conditioned on the
states (i.e. p(ot+1|xt+1,o1:t) = p(ot+1|xt+1)) and a first or-
der Markov model for the sequence of states (i.e. p(xt+1|xt ,o1:t) =
p(xt+1|xt)). we obtain the following recursive equation for
the posterior :

p(xt+1|o1:t+1) = αp(ot+1|xt+1)

�
xt

p(xt+1|xt) p(xt |o1:t)dxt

The exploitation of the last equation requires the defini-
tion of two conditional densities: the transition probability
p(xt+1|xt) and the data likelihood p(ot |xt). Both models are
typically time-invariant so that we can simplify the notation

by denoting these models p
(

x
′
|x

)

and p(o|x) respectively.

They are presented in the next Subsection, while the de-
scription of the particle filter implementation of the above
equation is deferred to the end of the Section.

2.2. Probabilistic models for segmentation

Transition probability
In the context of video text segmentation, the transition prob-

ability p
(

x
′
|x

)

is a probabilistic prior on text threshold vari-

ations. We assume, in this paper, that the variations are
mainly due to noise, and the transition model is therefore
modeled as Gaussian process.

Data likelihood
The data likelihood p(o|x) provides an evaluation of the
segmentation quality of the observed image o given a pair of
thresholds x = (l,u). This evaluation could rely on the seg-
mented image. However, computing accurate measures of
segmentation quality in term of character extraction is dif-
ficult without performing some character recognition anal-
ysis. Besides, visually well segmented image does not al-
ways lead to a correct recognition. The OCR may produce
errors due to the short length and the unknown font of the
text string. Therefore, since ultimately we are interested in
the recognized text string, the data likelihood will be evalu-
ated from the output T of the OCR.

To extract the text string T , we first binarize the image o
using x, and remove non-characters using a connected com-
ponent analysis step [2]. Then, a text string T is produced
by applying an OCR software on the resulting binary image.

To evaluate the data likelihood using string T , we ex-
ploit prior information on text strings and on the OCR per-
formance based on language modeling and OCR recogni-
tion statistics respectively.2 Let us denote the string T as
T = (Ti)i=1,...,lT where lT denotes the length of the string
and each character Ti is an element of the character set Cs :

Cs = (0, . . . ,9,a, . . . ,z,A, . . . ,Z,Gb)

in which Gb corresponds to any other garbage character. Fi-
nally, let us denote by Ha (resp. Hn) the hypothesis that the
string T or the characters Ti are generated from an accurate
(resp. a noisy) segmentation. The data likelyhood is defined
as the probability of the accurate segmentation hypothesis
Ha given the string T :

p(o|x) ∝ p(Ha|T ) = p(T |Ha)p(Ha)
p(T)

= p(T |Ha)p(Ha)
p(T |Ha)p(Ha)+p(T |Hn)p(Hn)

= 1
1+

p(T |Hn)p(Hn)
p(T |Ha)p(Ha)

.

We estimated the noise free language model p(.|Ha) by ap-
plying the CMU-Cambridge Statistical Language Modeling
(SLM) toolkit on Gutenberg collections3. A bigram model

2From a qualitative point of view, when given text-like background or
inaccurate segmentation, the OCR system produces mainly garbage char-
acters like ., ,!, & etc and simple characters like i,l, and r.

3www.gutenberg.net
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Fig. 1. Data likelihood approximation: the observed text
image is displayed at the top. The second image displays the
results of applying Otsu binarization, which corresponds to
OCR output “V AVOCAT DE RIVERAINS DE L AERO-
PORT DE iIEGE”. In the last row, the left image shows the
states that lead to the recognition of all the words in the
ground truth, and the right image displays the proposed data
likelihood at all the states.

was selected. Cutoff and backoff techniques [5] were em-
ployed to address the problems associated with sparse train-
ing data for special characters (e.g. numbers and garbage
characters). The noise language model p(.|Hn) model was
obtained by applying the same toolkit on a database of strings
collected from the OCR system output when providing the
OCR input with 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
dataset was insufficient to obtain a good bigram model. The
prior ratio on the two hypotheses is modeled as p(Hn)

p(Ha) = b,

where b 4 is a bias that can be estimated from general video
data. The data likelihood is then given by:

p(o|x) ∝
1

1+
∏

lT
i=1 p(Ti|Hn)

p(T1|Ha)∏
lT
i=2 p(Ti|Ti−1,Ha)

∗b
.

Figure 1 shows the ground truth data likelihood, which
is defined as p(o|x) = 0 if not all the words in the ground
truth are recognized, otherwise p(o|x) = 1. The figure also
shows the proposed data likelihood of the image at all the
possible states, illustrating that our probabilistic model is
accurate. Even if the initial state (here provided by an Otsu
algorithm [8] and shown with an arrow in the images) leads
to an incorrectly recognized text string, the Bayesian filter-
ing methodology, thanks to the introduction of random per-
turbation and our data likelihood model, will still be able to

4We have chosen b = blT
0 to take into account string length in the prior.

Fig. 2. Examples of located embedded text in video.

find a state that provides the correct string. The Bayesian
filtering is implemented by a recursive particle filter that is
described below.

2.3. Particle approximation

The idea of the particle filter is to approximate the posterior
p(xt |o1...t) by a set of N weighted samples Xt = (x j

t ,w
j
t ) j=1...N

such that:

p(xt |o1...t) ≈
N

∑
j=1

wt δ
(

x j
t − xt

)

,

where δ is the mass choice function (δ(0) = 1, otherwise
δ(x) = 0). The initial set of samples represents the initial
knowledge p(x1|o1) and can be initialized using an Otsu al-
gorithm applied on the first image. The recursive update is
realized in three steps. First, sample x̃i

t from the approx-
imated posterior Xt . Then, sample xi

t+1 from the transition
probability p

(

xt+1|x̃i
t

)

. Finally, assign wi
t+1 = p

(

ot+1|xi
t+1

)

as the weight of the new sample (xi
t+1,w

i
t+1). In our case,

since the number of samples per image is low, we add the
new particles to the set Xt+1 of samples instead of replacing
the old values with the new ones.

1. initial X1 using an Otsu algorithm;
2. for each frame t = 1, . . . ,n do step 3 and 4;
3. for i = 1 to m do

sample x̃i
t ∼ Xt ;

sample xi
t+1 ∼ p

(

xt+1|x̃i
t

)

;
set wi

t+1 = p(ot+1|xi
t+1);

4. Xt+1 = Xt ,
add the m new samples (xi

t+1,w
i
t+1) to Xt+1.

5. output the text string that corresponds to the
segmentation with the highest data likelihood.

3. EXPERIMENTS AND DISCUSSION

The MCVTS algorithm was tested on text regions located
and extracted from one hour of video provided by the CIM-



methods Ext. CRR Prec. WRR
Baseline 3664 88.9% 80.1% 70.8%
MCVTS 3637 93.9% 85.3% 83.8%

Table 1. Performance comparison between the MCVTS
(m=3) and the baseline method is average image method
[6]: character recognition rate (CRR), precision (Prec.),
word recognition rate (WRR).

WOS project, using the algorithm presented in [2]. The
whole database consists of 250 different text strings (3301
characters) in 6944 text images (about 28 images per text
string in average). Figure 2 shows some image examples.

Performances are evaluated using character recognition
rates (CRR) and precision rates (Prec) that are computed on
a ground truth basis as :

CRR =
Nr

N
and Prec =

Nr

Ne

N is the true total number of characters in the ground truth,
Nr is the number of correctly recognized characters and Ne

is the total number of extracted characters. Additionally,
we also compute word recognition rate to get an idea of the
coherency of character recognition within one solution.

Table 1 lists the results of the average image method [6]
and the MCVTS algorithm with m = 3. It illustrates that
the MCVTS algorithm significantly improves the character
recognition, the precision and the word recognition rate. Es-
pecially, the MCVTS algorithm performs better when the
text image is noisy or the grayscale of characters span a
wide range as shown in Figure 2. From the computation
complexity point of view, the CPU cost of the MCVTS algo-
rithm depends on the number of samples, the thresholding
operation and OCR CPU cost. The algorithm can handle 3-
5 text strings in real time with m = 3. Note that using more
than m = 3 particles per image does not improve the per-
formance of the algorithm. The average number of samples
per text string is thus around 85.

In this paper, we proposed a Monte Carlo method for
segmenting and recognizing embedded text of any grayscale
value in image and video based on particle filter. The MCVTS
algorithm has four main advantages for segmenting video
text. Firstly, the algorithm proposes a methodological way
to search for segmentation parameters that lead to accu-
rate results. Secondly, the algorithm adapts itself to the
data by sampling in proportion to the posterior likelihood.
This enable us to propose an accurate probability model
based on OCR results instead of estimating the posterior
of segmentation based on segmented images. Thirdly, the
algorithm does not require precise tracking of text images
among video frames at the pixel level. Finally, the MCVTS
algorithm is very easy to implement and also easy to be
extended to other state spaces, such as parameters of local
thresholding techniques (e.g. Niblack binarization).
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