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Abstract.  This paper proposesa method that aims to reduce a real
sceneto a set of regions that contain text fragments and keep small
number of false positives. Text is modeled and characterized as a texture
pattern, by employing the QMF wavelet decomposition as a texture fea-
ture extractor. Processingincludes segmenation and spatial selection of
regions and then content-based selection of fragments. Unlik e many pre-
vious works, text fragments in di eren t scalesand resolutions laid against
complex backgrounds are segmened without supervision. Testedin four
image databases,the method is able to reduce visual noiseto 4.69% and
reaches 96.5% of coherency between the localized fragments and those
generated by manual segmertation.

1 Intro duction

Text fragmerts are blocks of characters (e.g. words and phrases)that often ap-
pear isolated from one another in scenescontaining objects such astrac  signs,
billb oards, subtitles, logos, or car license plates. Such fragments are visually
saliert, especially due to high-cortrast against the badkground, spatial proper-
ties, and occurrenceof vertical borders.

This paper is particularly motivated by the problem of nding vehicular
licenseplates in a scene,for plate recognition. The authors of [1], for instance,
introduce a technique for nding license plates basedin the supposition that
the lines containing the plate have regular gray scaleintervals and produce a
signature of the plate. In [2], it is noted that there is a signi cant amount of
vertical edgesin the region of the license plate. The image is split in equally
spacedhorizontal lines and, for ead line, the vertical edgesare tagged when
the di erence of valuesis above a given threshold. The regions are formed by
merging vertically adjacert tags and ead region is a candidate plate.

The work of Mariano et al. [3] looks for evidencesof text in a vehicle and is
intendedto support surveillanceand security applications. The method produces
clustersin L*a*b* spaceand eac group is tested to decidewhether it has pixels



that belong to text. Neighbor lines are streaked to indicate the occurrence of
pixels in candidate text clusters.

Clark et al. [4] look especially for paragraphs and large blocks of text, and
propose v elocal statistical metrics that respondto di erent text attributes. The
metrics are combined in a three-layer neural network trained with patterns from
200 text and 200 non-text regions extracted from 11 manually labeled images.
The paper preseris only a few qualitativ e results and shaws that text is found
in di erent scalesand orientations.

In the work of Wu et al. [5], the image su ers texture segmertation by ap-
plying three secondorder gaussianderivativesin di erent scalesfollowed by a
non-linear function. Then, k-means(with k = 3) is applyed. Post-processingcon-
sists in forming and clustering regionsin three di erent scales,false detection
reduction and text re nement. Finally, the text is binarized sothat it canbe fed
to a character recognizer.The work assumeghat text appearshorizontal in the
image.

In the following section, it is preseried a new unsupervisedtext segmetation
technique. Here, to be considereda text fragmert, a region must satisfy three
main conditions:

{ being at most constituted from vertical edgesor borders;
{ beinglong, with two or more characters;
{ presering regularity of vertical borders throughout it's extention.

Like [5{7], it modelsand characterizestext asatexture pattern. In the novel
approad, segmetation is done keepingonly the vertical detail coe cien ts im-
ages,which are blurred and then binarized. After that, eight-connected binary
regions are selectedaccording to its spatial behavior. The resulting regionsare
mapped back to spatial domain, becoming candidate text fragmerts. The ex-
pectedtext fragmerts are selectedaccordingto two proposedcontent-based fea-
tures, in a nal step.

2 Prop osed Metho d

The proposedsolution is divided in three procedures.After applying the wavelet
transform to the input image and extracting the vertical detail in three di er-

ent scales,regions are segmened and then selectedinto candidate fragmerts,
basedon spatial aspects. Finally, only those fragments satisfying certain content
requiremerts are consideredvalid text fragments and output by the method.

2.1 Wavelet Transform

This work adopted the discrete wavelet transform (DWT) and thus brought the
processof fragment segmenation to the spatial-frequency (s-f) domain.

A Quadrature Mirror Filter (QMF) bank [8] with three levels of resolution is
applied to the input image, with Daubecies-4being usedas the basisfunction.



Only the imagesof vertical (sub-band) detail coe cien ts are kept, as they give
more information and lessnoise, comparedto the horizontal and diagonal ones
(Fig. 1). The vertical coe cien ts image output from the p th decomposition
level, V(p), of sizem n is normalized w.r.t. the sub-band energy E (V (p)),
yielding VN (p).
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(e) Cut (b) after blurring.  (f) Cut (e) after thresholding.

Fig. 1. Cuts at the text area (license plate) of one of the sample vehicle images: original
image (a), vertical (b), horizontal (c), diagonal (d) normalized sub-bands, at the higher
decomposition level corresponding image. Vertical coe cien ts after blurring (e) and
thresholding (f).

2.2 Region Segmentation

Region segmemation is performed as an unsupervised clustering on the coe -
cient imagesgeneratedin the previous step. This is doneby rst convolving two
unidimensional gaussianmasks(a vertical and a horizontal one) and the image,
resulting in the Itered image F. The sizeof the two gaussianwindows are kept
the samefor the three images,which favors the production of larger regions, as
decomposition level increases.

The role of the ltering is to group neighboring detail coe cien ts. This pro-
cedureis important becauseit merges,for instance, fragment coe cien ts from
defective or incomplete characters, or also coe cien ts from characters that be-
long to di erent lines. A binarization threshold computation follows, taking into
accourt the global responseof the imageto the vertical details. Thus, the thresh-
old tells whether a point in F is saliert or not, and is de ned in (3).

_ (F)
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The value (F) stands for the mean of ltered image F, and (F) for it's
standard deviation. Fig. 1 also shows that after gaussianblurring and further
binarization the vertical detail coe cien ts corresponding to the license plate
text were properly grouped. The regions are tracked according to the binary
connectivity of the componert pixels to its eight neighbors. Each of them has
its position and bounding-box calculated.

2.3 Spatial Selection of Segmented Regions

First of all, the orientation (or rotation angle) of each segmened region is es-
timated by performing a linear regression(least-squares)on its binary image
pixels, eact cortributing a pair (Xx;y).

The bounding-box is rotated about its certer, producing the corrected one.
The measuresw and h are the greatest intervals of the region along x and v,
thus corresponding to its real width and height, respectively. The aspect ratio
of the region is calculated from the ratio betweenw and h.

In the next step, spatial coordinates x (rst column), y (rst line), w and h
are mapped back to spatial domain (x¢, y¢, w® and h®) following Egs. 4 and 5,
where p correspondsto the current decomposition level.
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The procedurerepreseried by (4), for ead already performed decomposition,
doublesthe coordinates and subtracts 0:25 f = 2 for x and 0:75 f = 6 for vy,
being f the lenght of the decomposition lters adopted (f = 8). Valuesw and
h, howevwer, are just doubled.

After spatial characterization, ea regionis evaluated and must have at least
10 pixels of h€, valuesof w® greater than h€, and an aspect ratio > 2.

2.4 Content-Based Selection of Candidate Text Fragmen ts

Fragmernts of text usually have high density of vertical edges,regularly placed
from line to line [1,2]. Actually, the secondobsenation is true only if the text is
aligned with the capturing device. So, being avaliable well-bounded, horizontally
oriented (or rotation- xed) regions, it is reasonableto supposethat the lines
containing text are those with greatest edge density and take a considerable
areaof the candidate region. The edgesin those lines should be also distributed
regularly, that is, their certral position should not changemuch from line to line.
In order to describe a candidate fragment accordingto thosetext corntent hy-
pothesis,a simple technique is proposed.It starts by determining the occurrence
of relevant transitions in the rotated candidate fragment image. A transition is
relevant if the absolute di erence of intensity betweentwo co-linear pixels is
greater than a percert threshold, ky | N, relative to the greatest di erence ob-
senedin the wholeimage. For eadh line, the transitions are inspectedand stored.



Relevant

/ transitions

Discarded
block

! “Valley”

Selected
block

AR

Xl

Fig. 2. Relevant transitions and ead line transition prole, in a candidate fragment
presert in one of the test samples

If the transitions in a line are mostly concerrated before or after the middle
of the fragment, that line is discarded, sincetext characters must occur along
the whole line and somust do the corresponding transitions. The algorithm then
groupsvalid, consecutiwe linesinto blocks. The blocks are separatedby valleysin
the transition pro le (Fig. 2) and the block containing more lines is considered
to be where the text fragment more probably is. After the most probable block
is pointed out, a measuremen of the regularity of its transitions, the feature,
is calculated, accordingto (6).
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In (8), x1(i) is calculated as the averagex-coordinate of the transitions in
line i. In (7), x_, the certral x-coordinate, is the averageof xt (i), for eat of
the n_ lines asshown in Fig. 2. The value is the integral of the di erences of
the averageposition of eadh line and the certral line. It is divided by the total
number of transitions in the block, nt, that appears as the area of the pro le
alsoshown in Fig. 2, to quantify the importance of the di erence. Sincen+ (i) is
not an exact normalizer, is saturated at 1.

Another extracted feature is the ratio betweenthe total transitions in the
block and total transitions in the fragment it belongsto, ng, calculatedaccording
to (9).
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The nal step in content-based selectionis to decide whether the pairs of

features( ; a) extracted from ead of the candidate fragmerts are to be consid-

eredasbelongigto a text fragment. For simplicity, herethey are only compared
to pre-de ned thresholds yax and ayn. The nal results of the method are

illustrated in Fig. 3.
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(a) Oriented selectedregions. (b) Image reduction.

Fig. 3. Content-based selection of candidate fragments into text fragments. Parameters
used: min = 0:2and awin = 0:95).

3 Results and Conclusions

A total of 580 images from four databaseswere tested (Tab. 3). The results
producedby the method were comparedto manual segmemation made by three
collaborators that marked the bounding boxesof text fragments (or text blocks)
in the scenes.The parameters employed were yny = 0:35and ayn = 0:85.
Results were evaluated according to two indicators, calculated after the execu-
tion of eadh of the three phasesof the method. The rst, true positives(ltp),
quarnti es the accuracyof the method in terms of fragment nding: the returned
fragments are intersected with the manually selectedregion and the resulting
area is divided by the total marked area of the manually selectedregion. The
secondindicator, false positives(Irp), evaluates the capacity of removing dis-
tractors from the image: the area of returned fragmens that do not correspond
to the manually selectedregion is divided by the total areaof the image.

For databaseA, 98.21%of the regions of interest are detected by the rst
phaseof the method and 91.82%remain after the region selectionstages.Mean-
while, the false positives drop from initial 26.42%to about 5.37%, an average
reduction of 20% of the image area. Figs. 4 (a) and (b) presert the results for
an examplefrom databaseA and it can be seenthat the method dealswell with
varying perspective. Figs. 4 (c) and (d) show the results for a scenefrom image
databaseB. The amount of true positivesfor this databasefalls from 96.65%to
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Fig. 4. Qualitativ e results after testing the method in the four image databases.

91.04%,while false positivesdecreasefrom 34.83%to 5.79%.In Figs. 4 (d) and
(e), the method nds both the vehicle'slicenseplate and the taxi mark. Keeping
96.50%from the 98.06%o0f true positivesis a very good output for databaseC,



A. Images of 363 vehicles with visible license plates. Acquired using two digital cameras under
dieren t environmen tal conditions. Plate text in dieren t scalesand orien tations. Sampling resolution
of 320 240 pixels. Compressed JPEGs.

B. 100 images of vehicles with Vvisible license plates. Acquired from various websites. Div erse image
sizes and le formats, mostly compressed JPEGs.

C. 88 images of vehicles with visible license plates. Acquired from campus surveillance MPEG-
compressed videos, the camera is sometimes out of focus. Sample resolution of 640 480 pixels.

D. 29 images with diverse text fragmen ts. Includes advertisemen ts, banners, historical documents
and oce room number plates. Various sizes and le formats.

Table 1. Summary of image databasesemployed in the experiment.

sinceit is negatively a ected by high video compressionand bad focusing of the
camera. The decreasein false positivesis also high, reacing 4.69%. Figs. 4 (f)
and (g) depict the results for one from the 29 available imagesof databaseD, a
low resolution atb ed scannedhistorical documert image. In that database,text
appearswith greatestvariabilit y. The indicators show aregular true positive rate
(73.92%after all) and spurious regionsremoval around 7.78%.

The method presenied here succeedghe proposedgoals, sinceit is demon-
strated by Itp and Igp that it reaches 96.50% of true positives and reduces
the visual noise to 4.69%, according to manual segmemation. Now that text
fragments in arbitrary scenesare e cien tly detected by the preseried method,
it will be integrated to a character recognition systemthat will operate on the
fragments it outputs.
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