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Abstract— Our research goals are to extend offline OCR
technologies to embedded platforms. It implies two strong
constraints. First, pictures will be taken without control on
camera settings and a priori on text (font or size) and back-
ground. The second issue is to link several techniques to-
gether with an optimal compromise between computational
constraints and recognition efficiency. Preliminary experi-
ments led us to consider two operating modes in order to im-
prove global results. The first situation is pictures of natural
scenes while the other one is pictures of documents. Our al-
gorithm aims at handling numerous situations despite hard-
ware constraints, typical of mobile environment. The paper
will present the overall description of the system and its fu-
ture improvements.
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I. I NTRODUCTION

Blind and visually impaired people represent at least one
percent of the European population (Belgium
counts more than one hundred thousand low-vision peo-
ple). Most of their vision troubles do not allow them to
have access to textual information. Reading is neverthe-
less of prime importance for daily autonomy, text being
present everywhere, either under the form of documents
(newspapers, books, mails, magazines, commercial prod-
ucts’ label) or text in natural scenes (signs, screen, sched-
ules).

Several efforts have been made in order to give the blind
or visually impaired access to such information; two com-
plementary approaches are generally used. The first ap-
proach tries to directly adapt the information support to
the degree of blindness, by using either an optical zoom-
ing device that expands the character or Braille language.
These solutions are not perfect. On one hand, optical en-
hancement solutions are cumbersome and not applicable
in all cases, on the other hand, Braille language requires a
complex learning and by the fact most of blind people do
not know it. The second method consists in transforming
textual information into speech information. Some solu-

tions combining a scanner, a pair of loudspeakers and a
computer currently exist. In addition to this material, the
computer must be equipped with OCR,Optical Charac-
ter Recognition, and TTS,Text-To-Speech, technologies.
OCR software aims at converting images from the scanner
into text information while TTS software converts text in-
formation into a speech signal. This method has proved to
be efficient with paper documents but presents the inconve-
niences of being limited to home-use and to be exclusively
designed for documents that can be put into a scanner.

In this paper, we will describe the development of a mo-
bile automatic text reading system, which tries to remedy
all these shortfalls. We will focus on the description of
the system design taking into account first experiments’
results. Three key technologies are required for this sys-
tem: text detection, optical character detection and speech
synthesis. The integration of all these technologies in em-
bedded environment remains in itself a challenging prob-
lem due to numerous constraints:

• Text image deterioration: text acquired on a camera, is
an alternative to scanners but brings text identification and
characters segmentation problems. Solutions to the poor
sensors resolution, image stabilization or variable lighting
conditions need to be found.
• Low computational resources: the use of a mobile device
such as a PDA or a smartphone limits the processing time
and the memory resources. This adds practical integration
difficulties in achieving an acceptable execution time.
• Human-machine interface: special care has been brought
to the user interface due to limited abilities of visually im-
paired users. Research and development efforts are still de-
ployed to customize an interface dedicated to blind users.

The next figure gives an overview of the system and the
interactions between each sub-system.

This paper is organized as followed: section 2 describes
text detection challenges and the approach we follow. Sec-
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Fig. 1. System overview

tion 3 proposes our character segmentation and recogni-
tion algorithms. Section 4 provides a brief overview of
our standard speech synthesis module adapted to this ap-
plication in order to correct some OCR errors. In the final
section, we address perspectives in research activities and
conclude the paper.

II. T EXT DETECTION

In this section, we address the problem of automatically
finding text in a complex image. We mean images taken
by a digital camera. Actually, camera-captured images
present a bench of degradations, missing in scanner-based
ones [2], such as blur, perspective distortion, complex lay-
out, interaction of the content and background, compres-
sion, uneven lighting, wide-angle lens distortion, zooming
and focusing, moving objects, sensor noise, intensity and
color quantization.

Characters cannot be segmented by simple threshold-
ing, and the color, size, font and orientation of the text are
unknown. The main design choice is the kind of text oc-
currences, between scene text and document text [1].

A text is considered as a scene text when the text is
recorded from a part of a scene (eg: road signs, posters
on the street, street names). Unlike document characters,
characters in scene images originally exist in 3-D space,
and can therefore be distorted by a slant or a tilt, and by the
shape of objects on which they are printed [2]. Text extrac-
tion from a natural scene has been studied, in projects such
as vehicle license plates detection [3] or more general text
detection algorithms [4] [5] [6]. A recent research study
about text recognition operated by a robot deals with the
same problems [7].

The other aspect of our investigations on text detection
is to localize text areas from printed documents of any
kind. We aim at developing a technique that will work

for a wide range of printed documents like newspapers,
books, restaurant menus, etc. Preliminary experiments led
us to consider two global cases: images of text with nearly
uniform background (mail, book) and more complex doc-
uments with degraded and/or textured background (com-
mercial brochure, CD folder, etc.) in which text zones
overlay a complex background. The development of the
text detection algorithm will be separated into several steps
according to the type of text support, from the simplest
cases (pictures of documents) to the most complicated cases
(scenes images of signs). Degradations due to image ac-
quisition affect all these situations but not with the same
degree of incidence.

At the current state of research advancement, we will
describe below a text detection algorithm used for printed
documents images with nearly uniform backgrounds: pa-
per documents contain texts, full of characters with un-
known size, font and orientation. Moreover, pictures are
taken under variable lighting conditions. We process sin-
gle frames independently (no video OCR) to reduce com-
putational requirements and battery consumption in the mo-
bile device. Most of the previous research works focus on
extracting text from video. Techniques applied to images
or video keyframes can broadly be classified as edge [8]
[5] [9], color [10] [11], or texture based [12] [13] [14].
Each approach has its advantages and drawbacks concern-
ing accuracy, efficiency and difficulty in improvement and
implementation. Figure 2 illustrates several images of our
database.

Fig. 2. Samples of text images from our database



A. Texture segmentation

The text detection technique is based on a texture seg-
mentation approach. Text in a document is considered as
a textured region to isolate; non-text contents in the im-
age, such as blanks, pictures, graphics and other objects in
the image must be considered as regions with different tex-
tures. The human vision can quickly identify text regions
without having to recognize individual characters because
text has textural properties that differentiate it from the rest
of a scene. Instinctively, text has the following distinguish-
ing characteristics:

• Characters contrast with their background
• Text possesses some frequencies and orientation infor-
mation
• Text shows spatial cohesion: characters appear in clus-
ters at a regular distance aligned to a virtual line

Features vectors represent each pixel and features im-
ages are then classified into several regions using an un-
supervised clustering algorithm. The final step of this ap-
proach is to find the cluster representative of text region.

Our system captures colored images with a resolution of
1280 * 1000 pixels, theoretically enough to operate OCR.
Manual focus is fixed at a distance of 40 cm in order to
be able to enclose an A4-sized document. Images require
specific pre-processing operations during the determina-
tion of regions of interest. Firstly images are converted
into grayscale images and undersampled to a 256 * 341
pixels image due to computational limitations. Undersam-
pling is operated by bicubic method just after a low pass
filtering. Finally a contrast adjustment is operated in order
to normalize lighting conditions.

B. Text Characterisation

By treating text as a distinctive texture, we propose a
text characterization based on a bank of Gabor filters as-
sociated with an edge density measure. The features are
designed to identify text paragraphs. None of them will
uniquely identify text regions. Each individual feature will
still confuse text with non-text regions but a society of
features will complement each other and allow identify-
ing text unambiguously. Physically interpreted, the Ga-
bor transform acts like the Fourier transform but only for
a small Gaussian window over the image, not the entire
image. Mathematically, the 1-D Gabor transform can be
expressed as

Sw(u, t) =
∫ +∞

−∞
s(x) ∗ w(x− t) exp−j2πuox dx

Sw gives the Gabor transform of s(x) using the Gaus-
sian window function w(x) centered at t. Thus, a Gabor
function consists of a sine wave, with particular frequency,
u0, modulated by a Gaussian function. The concept can
be extended to two dimensions as a sinusoidal plane of
particular frequency and orientation modulated by a two-
dimensional Gaussian envelope. In spatial domain, the
two-dimensional Gabor filter h(x,y) is given by

h(x, y, σx, σy, wx, wy) =

1
2πσxσy

exp
− 1

2
( x2

σx2 + y2

σy2 )+j(xwx+ywy)

whereσx andσx are the standard deviations of the Gaus-
sian envelope along the x and y directions, andwx andwy

are the centered frequencies of the filter. One important
characteristic of Gabor filter is its orientation selectivity,
which can be understood when the expression of 2-D Ga-
bor filter is rewritten in polar coordinates as

h(x, y, σx, σy, w, Θ) =

1
2πσxσy

exp
− 1

2
( x2

σx2 + y2

σy2 )+jw(xcosΘ+ysinΘ)

whereΘ = tan−1(wy/wx) is the orientation andw =√
wx

2 + wy
2 is the radial frequency. The pixel intensity

values in the output of the Gabor filter specify the extent
to which the textured region is tuned to the frequency and
orientation of the Gabor filter. The use of a bank of Gabor
filters in extracting text features is motivated by various
factors:

• It has been shown to be optimal in the sense of mini-
mizing the joint two-dimensional uncertainty in space and
frequency [15]
• Gabor filters closely resemble the mechanism of multi-
channel representation of the retinal images in biological
visual system [16]
• Gabor filters can extract features in the presence of ad-
ditive noise
• Gabor filters have band-pass nature, which is essential in
analyzing a textured image

The bank of filters is composed of eight Gabor filters.
Two frequencies have been adjusted to

√
2/4 and

√
2/8

and for each frequency, filters are designed in four orien-
tations (0°, 45°, 90°, 135°).



Fig. 3. Features images. (a) Original images (b-i) Gabor filters: (b)u0 =
√

(2)/4 Θ = 0°; (c) u0 =
√

(2)/4 Θ = 45°; (d)u0 =√
(2)/4 Θ = 90°; (e)u0 =

√
(2)/4 Θ = 135°; (f)u0 =

√
(2)/8 Θ = 0°; (g)u0 =

√
(2)/8 Θ = 45°; (h)u0 =

√
(2)/8 Θ = 90°; (i) u0

=
√

(2)/8 Θ = 135°; (j) Edge density measure

Fig. 4. Text detection results. (a) Original images (b) Text region clustering (c) Final results



This configuration of filters parameters allows our
method to detect non-horizontal text at different fonts. A
magnitude operation is required after each Gabor filter-
ing. Indeed, to simulate human texture perception, some
form of nonlinearity is desirable [17]. Nonlinearity is in-
troduced in each filtered image by applying the following
transformation [14]:

Ψ(t) = tanh(αt) =
1− exp−2αt

1 + exp−2αt

For α = 0.25, this function is similar to a thresholding
function like a sigmoid. The last operation before attain-
ing feature vectors used on the clustering stage is a local
averaging operation. Feature value is computed from the
output of the nonlinear stage as the mean value in a small
overlapping windows centered at each pixel. We associate
to our features scheme a partially redundant feature, a local
edge density measure based on Sobel filters [7]. This fea-
ture improves the accuracy and robustness of this method
while reducing false detections. Before clustering, features
are normalized to zero mean and unit standard deviation to
prevent a feature from dominating the other ones.

C. Text region clustering

We use a reduced K-means clustering algorithm to clus-
ter features vectors [12]. In order to reduce computational
time, we apply the standard K-means clustering to a re-
duced number of pixels and a minimum distance classifi-
cation is used to categorize all surrounding non-clustered
pixels. Empirically, the number of clusters (value of K)
was set to three, value that works well with all test images.
The cluster whose center is closest to the origin of features
vector space is labeled as background while the furthest
one is labeled as text. Text boxes rotation is applied after
the estimation of document skew. The angle is estimated
due to the shape and the centroids of all text boxes. The
final stage of text detection module is a validation module
that confirms text boxes. It tries to identify false text boxes
by using heuristic rules about aspect ratio, global intensity
indicators, etc.

We have applied text detection module on a set of 50 test
images where there are one or two text areas per image.
Table below summarizes detection results.

Detection errors occur mostly when an image contains
several text zones with important differences in character
size or text orientation. This is due to the fact that our clus-
tering scheme considers text areas as one homogeneous
class per image. Only a truly multi-resolution approach
can reduce drastically this problem.

Text zone False
detected detections

Results 57/62 11

TABLE I
TEXT DETECTION RESULTS

III. C HARACTER SEGMENTATION AND RECOGNITION

Character segmentation and recognition has been per-
formed for several decades, especially typewritten charac-
ters from scanner. Commercial OCR softwares perform
well on ‘clean’ documents or need user to select a kind of
documents, for example forms or letters. The challenge is
at different levels of character processing: first, document
is degraded by taking a picture with a low-resolution cam-
era, then it is free-font, free-size and can contain forms,
complex backgrounds for example.

We tested resolution on several images and it is about
60 dpi for a 40-cm distance. For information, commercial
OCRs need 300 dpi to recognize characters.

Fig. 5. Sample after text detection

Our database is built with 43 documents with complex
backgrounds and on 19 other documents taken by a low-
resolution camera. Several steps need to be performed
such as binarization, characters segmentation and recog-
nition.

A. Binarization

Until this step, text boxes are located and deskewed for
a better segmentation and recognition. For pictures with
low-contrast, a contrast enhancement with a top-hat and
bottom-hat filtering is done first. This operation reduces
the blur part around characters in order to enhance the con-
trast with the background.

About thresholding algorithms, many researches [18]
have been done to evaluate all binarization methods for
document images and the main conclusion is that local
thresholding is better than global thresholding especially
for partial degradations such as uneven illumination. But



when text is already located, it becomes global information
of the picture and it is also possible to apply independant
global thresholds for each text region of a same document.
Others papers [19], [20] appeared and are still appearing
on this subject for degraded documents. Adaptive thresh-
olding is mostly used to reduce the degradation effect such
as uneven lighting or salt and pepper noise. But in our gen-
eral context, some work well for some pictures but really
bad for others ones. It is quite difficult to find a threshold-
ing algorithm which works better for all pictures.

The Otsu [21] method chooses a global threshold to min-
imize the intraclass variance of the thresholded black and
white pixels. Nevertheless, the main information is the
gray level value of characters. For our algorithm, we as-
sume that characters are in the same color, therefore almost
in the same gray level. The method is to choose the mean
characters gray level value as a global threshold.

First, an Otsu thresholding is performed, followed by a
skeletonization of “assumed-characters”. In order to pick
only characters gray level value, end points of lines and
small objects are removed. An average of gray level val-
ues of skeleton is computed. Also, the global threshold is
chosen as 85 % of this mean to take in account a color gra-
dation. This global thresholding is strict and not all char-
acters pixels are well binarized but with some further post-
processings as filling holes, the result is better than Otsu
thresholding for complex background pictures or strongly
degraded documents.

Degradations are weaker and following steps are bet-
ter in those cases. Actually, an automatic first discrimina-
tion between kinds of pictures is done to apply our algo-
rithm only in complex background pictures, which could
be advertisements, magazines pages and have a lower den-
sity text than letters have for example. With the first Otsu
thresholding, the number of connected componentsNcc is
known and based on the picture size (X ∗Y ), a density text
valueD is calculated asD = Ncc∗Y/X. It is useful to ap-
ply only Otsu method on some pictures or a combination
of both on some other pictures.

B. Character segmentation

In order to segment text into lines, words and characters,
the document needs to have text only. Figures are already
removed by previous steps but underlinings left.

From the RLE (Run-Length Encoding) method, follow-
ing black pixels are detected. With the previous connected
components step, some statistics can be computed such as

Fig. 6. From top to bottom: original RGB image, Otsu thresh-
olding and our thresholding algorithm

mean height or mean width in order to choose a satisfac-
tory threshold to decide to remove following black pixels
or not.

With those statistics and the bounding box of the docu-
ment, the number of lines is found. To segment documents
into lines, a horizontal histogram could be sufficient but
with degraded or slightly skewed ones, it becomes insuffi-
cient because a threshold has to be chosen to find start and
end lines.

Therefore all y-coordinates of characters centroids are
clustered with a vector quantization using K-means algo-
rithm, K being the number of lines.

This technique works pretty well and on our database of
62 documents, there were 2 bad segmentations because of
a wrong number of lines. As it could be difficult to know
precisely the number of lines, some techniques to estimate
it will be studied later.

Because of strong degradations, many characters are bro-
ken in several parts or touched each other. To have a good
segmentation, it is really important to fix some of these
troubles before the recognition step [22]. Thanks to the
mean characters width and the line segmentation, all over-
lapping parts are grouped to be only one character. With a
satisfactory threshold of overlapping distance, italic char-
acters are not merged.

On the other hand, a few touching characters are cut



Fig. 7. Superposition of two parts of character

with the caliper distance. A caliper histogram is formed
plotting the distance between the uppermost and bottom-
most pixels in each column and a weak weight is applied
for minima in strategic positions (which is the middle for
two assumed characters or one third and two thirds for
three assumed characters) and a strong weight for the bor-
ders of characters.

Characters with a ratio height/width inferior to 0.75 are
considered to be more than one character and the caliper
distance is computed to find right cut places.

Fig. 8. Caliper algorithm: the chosen cut between ‘b’ and ‘e’

The threshold works pretty well but some touching “thin”
characters such as ‘ri’ are not cut and some ‘m’ or ‘w’
could be cut. But this step is primordial and even if it adds
a few errors, the global recognition rate increases as shown
in the results table next section.

Characters statistics can also be updated after this merge
and split operation. With these recent computations, mis-
taken characters are removed because of their shape.

The inter-characters distance is calculated to segment
lines into words. This information is really important for
the speech synthesis part. Actually a natural linguistic
parser precedes the speech synthesis in order to identify
words for a right pronunciation.

Ex: in French, the phonetic transcription can be differ-
ent:

“ les tas ”⇒ [l e t a ]
“ lestas ”⇒ [l ε s t a ]

Therefore a good word segmenter is really useful.
The inter-word distance IWD is defined as

IWD > std(ICD) + mean(ICD)

with ICD, the inter-character distance and std (ICD) and
mean(ICD), respectively its standard deviation and its mean.

With our database of 135 words:

Complex backgrounds Clean backgrounds
Rate 35/44 82/91

TABLE II
WORD SEGMENTATION RATE

Finally, character segmentation is performed inside words
in order to get new indices of characters.

C. Character recognition

Most algorithms try to skeletonize characters to free from
different fonts and noise [23]. On the contrary, in our al-
gorithm, to homogenize degraded characters, different pre-
processings are applied to make characters thicker in order
to smooth their edges. Actually, our character recognizer
is especially based on edges. Pre-processing steps are:

• to fill isolated white pixels inside black 8-connected pix-
els
• to connect components grouped during the merge step in
a 8-connected neighborhood
• to smooth the edge by thicken components
• to normalize characters in a 16*16 pixels bounding box

A multi-layer perceptron neural network [24] is used
with about 180 nodes in the unique hidden layer.

According to [25], the training database has to be at least
ten times larger than the feature vector size for each class.
Therefore a corpus of 28140 characters taken in different
conditions with a low-resolution camera was constituted.
The features vector is based on the edges of characters and
a probe is sent in each direction. Moreover to get the infor-
mation of holes like in ‘B’, some interior probes are sent
from the center.



Errors are counted according to the Levenshtein distance,
which computes an alignment that minimizes the number
of insertions, deletions and substitutions when comparing
two different words with units costs for all operations. For
commercial OCRs, several ones were tested and the rate
mentioned below is an average of all results.

Commercial Otsu Otsu Our thresholding
OCRs + caliper + caliper
36.2% 55.7% 66.0% 69.7%

TABLE III
CHARACTER RECOGNITION RATE

Our thresholding algorithm works better than Otsu thresh-
olding for our database but a validation with a larger
database is required.

IV. T EXT TO SPEECH

Results in the table above show that a correction is use-
ful in a future work to reduce the error rate. A comparison
of many techniques was written by [26] and with some of
these methods and new ones, we would try to correct first,
word segmentation and then character recognition based
on a dictionary and N-grams method especially.

Actually, on a given character error rate, the word er-
ror rate is higher and finally the speech synthesis quality is
pretty bad.

A Text-To-Speech (TTS) synthesizer is a computer-based
system that should be able to read any text aloud. In this
definition, TTS means automatic production of speech,
through a grapheme-to-phoneme transcription of the sen-
tences to utter. For performing the grapheme-to-phoneme
transcription, the TTS synthesizer involves a Natural Lan-
guage Processing module that analyzes the text. The tran-
scription is then processed by a Digital Signal Processing
module, which generates the corresponding speech signal.

The used TTS synthesizer is eLite1 (Multitel ASBL
[27]), a multilingual research platform which easily deals
with important linguistic issues: complex units detection
(phone numbers, URLs), trustworthy syntactic disambigua-
tion, contextual phonetization and acronyms spelling. More-
over, important researches, still in progress, will be inte-
grated within eLite, like page layout detection, spelling

1eLite stands for Enhanced, LInguistically-based TExt-to-speech
synthesizer.

correction or non-uniform units-based speech synthesis.

V. CONCLUSIONS AND FUTURE WORK

We have developed a system able to automatically iden-
tify and recognize text zones in images taken from a cam-
era. It performs well for a wide range of document im-
ages and no prior knowledge concerning document layout,
character size, type, color and orientation has been used.

A new thresholding algorithm has been proposed and a
discrimination between kind of documents enables to ap-
ply this new method on corresponding documents, such
as strongly degraded ones. Segmentation and recognition
steps aim at considering degraded characters with touched
and broken ones. Preliminary results are encouraging but
a larger database is necessary to confirm all results.

Future improvements of the text detection consist in
modifying our approach to a real multi-resolution system
by applying the same algorithm to different instances of
the image at different resolutions. An expansion to text
detection embedded into natural scene is currently under
investigation. The system will require new text localisa-
tion indicators such as the use of color information in order
to deal with more complex images.

Then, added to the recognition errors correction, future
works are to reduce the heuristic part of this system. A
model could be created depending on some kinds of docu-
ments or types of degradations to improve the recognition
rate drastically [28]. For the time being, it is unrealistic to
create a generic recognition system that reaches significant
results for all kind of text images.
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reconnaissance automatique de caractères manuscrits, PhD the-
sis, Facult́e Polytechnique de Mons, 1996

[25] I.Guyon, A scaling law for the validation-set training-set size
ratio, AT&T Bell Laboratories, 1997

[26] K.Kukich, Techniques for automatically correcting words in
text, ACM Computing Surveys, vol. 24, n°4, 1992

[27] Multitel website,http: \\www.multitel.be \tts \elite

[28] A.Souza and al.,Automatic filter selection using image quality
assessment, 7th ICDAR Conference, 2003


