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Localizing and Segmenting Text in
Images and Videos

Rainer LienhartMember, IEEEand Axel Wernicke

Abstract—Many images—especially those used for page designbe used to record the broadcast time and date of commercials,
on web pages—as well as videos contain visible text. If these teXthe|ping the people to check whether their client's commercials

occurrences could be detected, segmented, and recognized autop 5y peen broadcast at the arranged time on the arranged tele-
matically, they would be a valuable source of high-level seman- vision channel [8]

tics for indexing and retrieval. In this paper, we propose a novel ) . . L .
method for localizing and segmenting text in complex images and ~ Detecting, segmenting, and recognizing text in images which
videos. Text lines are identified by using a complex-valued multi- are part of web pages is also a very important issue, since more

layer feed-forward network trained to detect text at a fixed scale and more web pages present text in images. Existing text-seg-
and position. The network’s output at all scales and positions is in- mentation and text-recognition algorithms cannot extract the

tegrated into a single text-saliency map, serving as a starting point - . .
for candidate text lines. In the case of video, these candidate text text. Thus, all existing search engines cannot index the content

lines are refined by exploiting the temporal redundancy of textin Of image-rich web pages properly [13]. Automatic text-segmen-
video. Localized text lines are then scaled to a fixed height of 100 tation and text-recognition also helps in automatic conversion

pixels and segmented into a binary image with black characters on of web pages designed for large monitors to small liquid crystal

white background. For videos, temporal redundancy is exploited to 4is1avs (LCDs) of appliances, since the textual content in im-
improve segmentation performance. Input images and videos can ages can be retrieved '

be of any size due to a true multiresolution approach. Moreover, .
the system is not only able to locate and segment text occurrences Our novel method for robust text detection and segmenta-

into large binary images, but is also able to track each text line tion in complex images and videos together with current optical
with sub-pixel accuracy over the entire occurrence in a video, so character recognition (OCR) algorithms and software packages
that one text bitmap is createq for all instances of that text line. enables OCR in multimedia components, the fastest growing
Therefore, our text segmentation results can also be used for ob- . ;
ject-based video encoding such as that enabled by MPEG-4. media type on the Internet. For video, our novel text-segmen-
. . . _ tation method is able to not only locate text occurrences and
Index Terms—MPEG-4 object encoding, object detection, ob- ) - :
ject segmentation, text detection, text extraction, text segmenta- segment t_hem mto_ large binary images, bUt_ also to track (?ach
tion, video indexing, video OCR, video processing. text line with sub-pixel accuracy over the entire occurrence in a
video, so that one text bitmap is created for all instances of that
text line. Thus, our text-detection and text-segmentation method
|. INTRODUCTION can be used for object-based video encoding, which is known
NFORMATION is becoming increasingly enriched byto achieve a much better video quality at a fixed bit rate com-
multimedia components. Libraries that were originally purgared to existing compression technologies. In most cases, how-
text are continuously adding images, videos, and audio clipséeer, the problem of extracting objects automatically is not yet
their repositories, and large digital image and video librarig®lved. Our text-localization and text-segmentation algorithms
are emerging as well. They all need an automatic meanss@Vve this problem for text occurrences in videos. The rigid text
efficiently index and retrieve multimedia components. objects have to be encoded only once, while their motion vector
Text in images—especially in images which are part of weave to be updated regularly, and the pixels in the background
pages and in videos—is one powerful source of high-level deehind the text have to be colored in such a way that it maxi-
mantics. If these text occurrences could be detected, segmenteides compression of the background video.
and recognized automatically, they would be a valuable sourcelhe paper is structured as follows. Section Il reviews ear-
of high-level semantics for indexing and retrieval. For instancker related work, while Section Il sketches our new approach.
in the Informedia Project at Carnegie Mellon University, text ocFhis is followed by a detailed description of the text-detection
currences in videos are one important source of informationseheme in images (Section IV) and its extension to videos (Sec-
provide full-content search and discovery of their terabyte digon V). Section VI elaborates on the text segmentation. Perfor-
ital video library of newscasts and documentaries [26]. Dete®ance numbers are reported in Section VII. Section VIII con-
tion and recognition of characteristic text occurrences may alglides the paper.
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hance detection performance. The approach is also scale dejiteis-very tailored to their application domain (newscasts) and
dent, i.e., only text within a certain font size range is detecteddeo format (MPEG-1) [19]. They report a character recogni-
and does not address its preparation (i.e., text segmentation)tion rate of 83.5% and a word recognition rate of 70.1% with re-
OCR. spect to the 89.6% correctly detected text locations, i.e., a char-
Zhonget al. propose two simple methods to locate text iacter recognition rate of 74.8% and a word recognition rate of
complex images [30]. The first approach is mainly based &2.8% with respect to the ground truth. Word recognition was
finding connected monochrome color regions of a certain sizemproved by using the Oxford dictionary and a closed caption
while the second locates text based on its specific spatial vatietionary.
ance. Both approaches are combined into a single hybrid apTwo systems for detecting, segmenting and recognizing
proach. Since their methods were designed primarily to locatxt in video have been developed by Lienhetral. [7], [9].
text in scanned color CD cover images, they are not directBoth systems are based on image segmentation exploiting
applicable to video frames. Usually, the signal-to-noise ratthe monochromaticity, the high contrast with its background
(SNR) is much higher in scanned images, while its low valuend the simple texture of text in video. The first system uses
in videos is one of the biggest challenges for text segmentati@ncolor-based split-and-merge algorithm [7], while the latter
In [6], Jain and Yu introduce a method for text localizatiosystem counts on anisotropic diffusion [9]. The system in [7]
that is suitable in a number of applications, including newspapeacks text only short-term in order to rule out nontext regions.
advertisements, web pages, and images and video in genéakt, however, is segmented and recognized on a frame basis
As in [7], the text-localization algorithm is based on connecteghd not associated over time. An iterative text-recognition
component analysis, and thus requires either text to be momatgorithm is applied to transcribe the text into ASCII. In [9],
chrome or its background. Visually good results are presentedéxt is tracked over its life time, and multiple text occurrences
[6] for advertisementimages, web bannerimages, scanned ma@- integrated over time. The commercial Recognita OCR
azine pages, and video frames. The authors point out problesngjine is used for text recognition. Recognition rates between
with small text fonts and cases where the image’s 3-D color hié1%—-76% are reported.
togram is sparse, and thus no dominant color prototypes existLi et al. use a neural feed-forward network to locate text in
These cases, however, may often occur in videos. No quantitaeos [10], [11]. The high-frequency wavelet coefficients of a
tive performance numbers are reported. frame are the input to the network. The trained neural network
Wau et al. propose a four-step system that automatically deaonitors a video for text occurrences, proceeding each time by a
tects and extracts text from images [27]. First, text is treatedrtain number of frames if no text was found. If text was found,
as a distinctive texture. Potential text locations are found litis tracked coarsely against a simple background by using plain
using three second-order derivatives of Gaussians on three dibck matching [10], [11]. Although Li's approach is partially
ferent scales. Second, vertical strokes emerging from horizaimilar to ours, their system has many shortcomings.
tally aligned text regions are extracted. Based on several heuris1) Their method is restricted to video only.

tics, strokes are grouped into tight rectangular bounding boxes.) |t detects text only at the block level. A text block is de-

These two steps are applied to the input image at all scales in -~ fined as text lines which are close to each other. This can
order to detect text over a wide range of font sizes. The boxes  cayse severe problems if the text lines do not move ho-

are then fused at the original resolution. Third, the background  mogeneously.

is cleaned up and binarized. Finally, text boxes are refined by3) | does not achieve sub-pixel accurate tracking since
repeating StepS 2 and 3 with the text boxes detected thus far. their System is not able to determine the text color.

By fa|||ng to prOVide any mechanism to infer the text CO|OI’, two Consequenﬂy, it cannot remove the background during

binary images are produced for each text box. These binary im-  the search for the actual text location.

ages are passed on to standard OCR software for evaluation. Wu

et al.report a rec;ognition rate of 84% for 35 imgges. UnfortL.JA. Contributions

nately, the algorithms were designed to deal with scanned im-

ages, which usually have a better SNR than video frames and] he main contributions of this paper are the following.

therefore, may not work best on video frames. In addition, the « A truly multiresolution approactOur novel text localiza-

algorithms do not exploit the temporal information available in  tion and text segmentation algorithms work successfully

video streams. for small and large images as well as from MPEG-1 video
Recently, Sat@t al. developed a system for segmenting and  sequences up to HDTV MPEG-2 video sequences (3980

recognizing static low-resolution caption text in newscasts [19].  1280) without any parameter adjustment. Character sizes

They use the method proposed in [21] to detect caption text. can vary between 8 pixels and half the image height. Only

Detected text blocks are then magnified by a factor of 4 and [10] and [27], [28] address the problem of multiresolu-

integrated over time by means of a time-based minimum pixel tion. However, our approach uses more scales than their

value search. This multiframe integration approach assumesthat approaches.

on average captions are brighter than their background pixels.s A truly multimedia text detector and text segmeritée

While these restrictions may be acceptable for newscasts, they proposed system can localize and segment text in images

are too strict for general artificial text occurrences in video. Sato  (especially complex images in web pages) and videos.

et al. also present a new character extraction filter and an inte- None of the systems in the related work section except

grated approach of text recognition and segmentation. However, [10], [27], and [28] are capable of doing this. Vet al.
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show results of text detected in web pages, maps, ads, im-  narrowly as possible, i.e., it is trained to detect text at a
ages, and static video frames, but do not take the temporal fixed position and scale. Scale and position independence
redundancy of video into account. Reference [10] claims  is achieved by applying the raw text detector to all posi-
that their approach works on images and videos, however tions at all scales.

they only report data for videos. 3) Textoccurrences only matter if they consist of at least two
* A novel way to estimate the text color reliably by using letters and/or digits.

vector quantizationNone of the existing work is capable

of doing this. For instance, [19] and [20] assume that, on IV. TEXT LOCALIZATION IN IMAGES

average, over time the text color is brighter than its back- The input to the text localization step may be complex im-

ground. For applications where this in not true, Settal. . . . :

. ges, images embedded in web pages or videos. It is the task of

propose to try out the results for normal and inverse tei. o . .

Although Hori proposes a scheme to estimate the charac ie text Iocal.|zat|on to Iopate gnd cwcum_scrlbe text occurrences
inall these kinds of multimedia data by tight rectangular boxes.

intensity distribution by means of intensity mean estima- : : ) .
. . L . ach so-called text bounding box is supposed to circumscribe
tion of high-intensity pixels, his method also depends on . .

ly a single text line.

the assumption that characters are brighter than their back:

ground [5]. In detail, he assumes that the intensity vaIuesFig' 1 gives an overview of our text localization scheme. It
of all charéoter pixéls are equal o larger than— 3¢ Visualizes the various processing steps and will become clear

while all background pixels have lower intensity with while we step through in the remainder of this chapter.

denoting the estimated mean of the high-intensity pixe}g\s_ Image Features

in the text box and their standard deviation. T
« A new scheme to register moving text lines perfectly overArtificial text occurrences have been commonly char-
time. This allows use of the temporal segmentation scheri§t€rized in the research community as regions of high
first proposed by [19] and [20]. Overall, previous workeontrast and high frequencies [9], [19]. There are many
that reports text tracking such as [7], [9]-[11] do it mordifferent ways to amphfy th.|s feature. In this _work,.we
on a qualitative basis in order to identify false alarmghoose to use the gradient image of the RGB input image
Tracking text is not pixel-accurate. Iz, y) = (L2, y), 1y(x, y), Iy(x, y)) in order to calculate
Unlike all existing work, detected text lines are scalefll® complex-values edge orientation ima§jgz, y). £(x, y)
to an aspect-ratio preserving fixed height of 100 pixel§ defined as follows:
during text segmentatiofhis scaling improves segmen-
tation for text of smaller font sizes as well as saves time gy ) = Z
for text of font sizes larger than 100 pixels.

I.(z, y)
dx

I(z, v)
dy

-2

cef{r, g, b}

cef{r, g, b}

E maps all edge orientations betweerdahd 90, and thus dis-

tinguishes only between horizontal, diagonal and vertical orien-
A top-down approach is taken in our text localization antitions.E serves as our feature for text localization.

text segmentation system. In a first step, potential text lines in

images, video frames or web pages are localized (Section ¥8). Fixed Scale Text Detector

These potential text lines are refined in the case of video by €X-Given a 20x 10 pixe| region in an edge orientation image

ploiting its temporal redundancy (Section V). In a second step; the fixed scale text detector is supposed to classify whether

localized text lines/objects are segmented into binary imag@g region contains text of a certain size. Many different tech-

with black characters on white background and a fixed heighiques exist for developing a classifier [14]. For our work, we

of 100 pixels (Section VI). Again, in the case of video, temcompared the performance of a real-valued and complex-valued

poral redundancy is used to improve segmentation. The outpg{ral feed-forward network [15]. Due to its superior perfor-

of the text segmentation is passed on to a standard OCR s@ftince, we decided on the complex-valued neural network with

I1l. STRATEGY AND OVERVIEW

ware packag.e. o hyperbolic tangent activation function. At a comparable hit rate
Three basic decisions preceded the development of our n@Wo), its false hits (0.07%) on the validation set were more
text localization scheme. than twice as low as with a comparable real-valued network.

1) Only horizontal text is considered, since it accounts for Network Architecture:200 complex-valued neurons were
more than 99% of all artificial text occurrences. The exed by a 20x 10 edge orientation region i& (one link from
periences with our old systems [7], [9], which consideregach complex-valued edge pixel to each complex-valued input
any writing direction, suggest that taking the missing 1%euron). This size of the receptive field exhibits a good tradeoff
of text occurrences into account must be paid off by laetween performance and computational complexity. An input
much higher false alarm rate. As long as a performantayer of 30x 15 neurons did not achieve better classification
of 90% and higher of correctly segmented text in videagsults and was computationally more expensive. On the other
and complex images is still a challenge, nonhorizonthland, using an input layer with fewer than ten rows resulted in
text can be neglected. substantially worse results. Note that the number of rows of the

2) Non-text regions are much more likely than text regionseceptive field determines the size of the font being detected
Therefore, we decided to train the raw text detector ance all training text patterns are scaled such that the font
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Fig. 1. Scale- and position-invariant text localization.

size is equal to the number of rows. The input layer in tursequences, we use a step factor of 3 and 2 in-thedy direc-

is fully connected to a hidden layer of two complex-valuetion, respectively. We proved experimentally that the subsam-
neurons using hyperbolic tangent activation functions. Agaipling does not cause any decrease in accuracy but a speed-up of
using more hidden neurons did not result in any performan6e.

improvements, while using only one increased the false alarm

rate by a factor of three. The hidden layer is aggregated irE(_) Scale Integration

one real-valued output neuron of rangel], 1].

Network Training: The composition of the training set seri- The raw fixed-scale text detector is applied to all scales
ously affects a network’s performance. We collected a represesing a scale down factor of 1.5. In order to recover initial text
tative set of 30 180 text patterns and 140 436 nontext patterbheunding boxes, the response images at the various scales must
Initially 6000 text patterns and 5000 nontext patterns were d& integrated into one saliency map of text. As you can observe
lected randomly for training. Only the nontext pattern set wdsom Fig. 1 column 4, text locations stick out as correct hits at
allowed to grow by another 3000 patterns collected by meamultiple scales, while false alarms appear less consistently over
of the so-called “bootstrap” method. This method, proposedultiple scales. Similar results have been observed by Rowley
by Sung [22], starts with an initial set of nontext patterns tet al. for their neural network-based face detector [18] and by
train the neural network. Then, the trained network is evalitti in his work on models of saliency-based visual attention
ated using a validation set distinct from the training set (all pg8]. Therefore, a text salience map is created by projecting the
terns minus the training set). Some of the falsely classified pabnfidence of being text (here: the activation level of the neural
terns of the validation set are randomly added to the trainimgtwork output) back to the original scale of the image. Hereto,
set and a new—hopefully enhanced—neural network is traindtt salience map is initialized by zero. Then, for eachx20
with this extended and improved training set. The resulting nétd pixel window at each scale, its confidence value for text
work is evaluated with the validation set again and additional added to the saliency map over the size of the bounding
falsely classified nontext patterns are added to the training dsdx at the original image scale if and only if the window
This cycle of training and adding new patterns is repeated untids classified as text. Fig. 1 column 5 shows an example.
the number of falsely classified patterns in the validation s€onfidence in text locations is encoded by brightness.
does not decrease anymore or, as in our case, 3000 nontext pat-
terns (and only nontext patterns) have been added. This iteraELye
training process guarantees a diverse training pattern set. '

Given a properly trained neural network, a 2010 pixel 1) Initial Text Bounding BoxesTo create an initial set of
window slides over the edge orientation imajeand is eval- text bounding boxes, a special kind of region-growing algo-
uated at each position. The network’s response is stored imitam is employed, where each rectangular region is only al-
so-called response image by filling the associateck20 re- lowed to grow by one complete row or column of the rectangle
gion in the response image with the networks output valuedhd the seed position is required to meet a minimal amount
and only if it exceeds$h,.+wort; = 0. Since a step size of oneof text saliency. The merge decision is based on the average
is computationally prohibitive for large images or HDTV videaaliency of the candidate row/column.

Extraction of Text Bounding Boxes
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In detail, the algorithm starts to search for the next pixe
which has not yet been processed in the saliency map with
value larger then a pre-specified threshedd.... The choice
of the threshold’s value is determined by the goal of avoidin
the creation of text boxes for nontext regions. Nontext regior
should be less salient than text regions. For our classifir #o#m-up trangion
theore = 5.0 worked fine, however, it may have to be adjustec p-dlovam (rans i
if a new neural network is trained. Semantically, this threshol
means that the sum of all text probabilities of the tested wir
dows overlapping with the respective pixel add up to at lea: |2 =] | |
5.0. Once a pixel in the saliency map wifi{z, v) > theore L !
is found (henceforth called a core pixel), it is taken as a se¢
for a new text box of height and width 1. This new text box i<
then expanded iteratively based on the average pixel value
the row above the box in the saliency mépif the average
value exceedsh,egion = 4.5, the row is added to the text box.
thiegion 1S ChOsen to be slightly smaller thah,,,. in order Fig. 2. Examples of projection profiles and their usage for determining
to create a text box encompassing all parts of the charactegyidual text lines and words.
and not only their middle part. The same criterion is used to

expand the box to the left, bottom, and right. This IteratiVesiimate. Next, the vertical projection profile over the enlarged

box expansion repeats until the text box stops growing. ORg poy jn|£| is calculated as well as the maximum and min-
example of the initial text bounding boxes created by th|ﬁ1um valuesmaxprofie andminprosie in the profile. In order

algorithm is given in Fig. 4(a). to determine whether a single value in the projection profile be-

. _2.) Reﬁ”eq Text Boun_ding Bogeﬁs shown.in Fig.. 4(a), the longs to a text line (step (4) in Fig. 3), the adaptive threshold
initial bounding boxes circumscribe the text in the image, hov¥hresht ¢ = millprosie +(MAXprofte — Milyrogie) - 0.175 is
ext — protile AAprofile protile -

ever, in a sub-optimal fashion: some boxes span more than Qe

v, th h ! b b S- FQfias chosen experimentally.
tunately, these shortcomings can be overcome by an iterative steps (6)—(8), the vertical segmentation algorithm [see

post—processing prgcedurg utilizing the information contain?_qg_ 3(a)] begins to search for the first down—up transition
in so-called projection profiles [20].

o : : S starting from the top. This row is marked as a potential upper
A projection profile of an image region is a compact repr

Soundary of a text box (9). Then, the next up—down transition
sentation of the spatial pixel content distribution and has begen y ) ; b

ful loved in d ¢ toxt ati 5 searched in the projection profile (13). If found, a new box
successiully employed in document text segmentation [ ith the last upper and lower boundaries is created. The search
While histograms only capture the frequency distribution

. foat h as the pixel intensity (all tial i fq r a new pair of down—up and up—down transitions continues
Some Image feature such as e pixetintensity (all spatial in ntil all elements in the projection profile have been processed.
mation is lost), intensity projection profiles preserve the rou

A . . ally the original text box is deleted. The original text box is
spatial distribution at the cost of an even higher aggregation of splitinto its text lines [see Fig. 4(b)]
the pixel content. A horizontal/vertical projection profile is de- ) :

. A o A similar horizontal mentation algorithm i li n-
fined as the vector of the sums of the pixel intensities over each similar horizontal segmentation algorit s appliedto e

. . ) Sure that each box consists of only one line of text [see Fig. 3(b)].
column/row. Fig. 2 shows an example. Vertical and horizont h WO minor but imoortant differences
projection profiles are depicted as bar charts alongzttand owever, there are . P . . '

y axes of the feature images, and the upper boundaries of texft) A factor of 0.25, instead of 0.175, is used in the computa-
lines are marked by steep rises in the vertical projection profile ~ ion of threshic.;. Experimentally, this value has proven
while the lower boundaries are marked by steep falls. Similarly,  t0 be superior for the horizontal segmentation.
the right and left boundaries of text objects are indicated by 2) Thegapparameter has been added to avoid splitting up
steep rises and falls in the horizontal projection profile. These ~ characters and words in the “same” column due to the
steep rises and falls can be identified as locations where the ~Small gaps between them. Therefore, all newly bounding
profile graph crosses an adaptively set threshold line. boxes created by the horizontal segmentation algorithm
In detail, the vertical segmentation algorithm applied to each ~ €duivalent to the vertical segmentation algorithm are
text box works as follows. First, the box is enlarged at the top ~ Merged into one wider text box if and only if they are
and bottom by 25% or half the maximal possible text height, €SS thangap pixels apart, otherwise the text boxes are
whichever is smaller [steps (1) and (2) in Fig. 3(a)]. This en- treated as belonging to se_'parate colu_mns. In the Cl_Jrrent
largement is necessary, because the correct boundaries may lie SyStém, th@gap parameter is set adaptively to the height
outside the current text box and thus accidentally cut off por-  Of the current text box. The whole algorithm is given in
tions of the text. Some rows outside the current text box mustbe ~ S€€ Fig. 3(b).
taken into consideration, to recover these boundaries correcig. 4(c) shows the result of the horizontal segmentation algo-
and half the height of the original text box is a good worst casghm applied to our sample image.
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{11 axpand box at the top acd bottom by the siniedm of (1] expend box at the Iaft and right by che winleum of

half the height of the eriginel cext box and Balf halt che height of the origipal text box and Balt

eke pogsible sawimnal text height tha poanible maximal baxe haight
{2l caloulats vertical profectlen profile af |E| |12F calculate borizomtal projection profile of |E)
{1] get minisum and maxisum profile valoes 38 get wnindmen and masimun profile valuss
4} &slgulats the deymentation threshald [4) caleculate the segmancatlos threaheld
|5} pat change = falps

£51 Tor all coluena of the peafila
ig) for all rows of the profiles (6] if dprofile|current colusm] « threshold)
{71 if (profile|corrent row| » threshold) 7 it (no left boundary yet]
iml iF [na upper Bossdary yet| (L 1] aak laf: Boundery = curpent colurn
al pet upper boundaTy = Curzent Tow LEL slpa if (right boundaryl
18] mlaa FEL -1 il |gap becwesn Surcent colums asd right
11t} if (no lowar boondary et boundary is large encughl
| EX} Bt loWer DouRdATY = CUXIENT ToW 1aLp create pew box from left and sight
L3k if [upper bossdecyh boundariss
1143 create neW box usieg the values of the 112 undnt laft and right boundaries
upper and lowsr borandarise 1131 elpE

(15) unget upper aEd lgwer boundarles (141 updst tight boundary
(163 wet change = trae 1151 elee 1f {no eight boundazy|

[iel ank richt boundary = current column
(171 delete processsd bax

171 LE Nafe se ne right bowndaryl

18] rlght bouwrdary = lmak column

CL7] EF llefc and vight bossdesiaa]

(1al update procesoed box to coreent right/lefr
boundaries

11%] &len

128} - delece procedand bBex

(@ (b)

Fig. 3. (a) Vertical and (b) horizontal segmentation algorithms.

o QST it o

T.X

(© (d)

Fig. 4. (a) Initial bounding boxes. (b) One vertical segmentation step. (c) One vertical and horizontal segmentation step. (d) Multiple cyetesmd cl

Although the vertical and horizontal segmentation achieveglves risk and is not for everyone” [see Fig. 4(b)]. The reason
good results on the sample frame in Fig. 4, one pass does footthis becomes clear if one imagines what the vertical projec-
resolve complex layouts. One such example is shown on ti@n profile for the respective text box in Fig. 4(a) looks like. The
left side of Fig. 4. Obviously, the vertical segmentation coultéxt box in the left column obviously masks the vertical profiles
not separate the different text lines of “Commodities trading irof the smaller text to the right which therefore could not be split
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Fig. 5. (a) Initial text bounding boxes. (b) Completely localized web page.

into two text lines. On the other hand, the gap between these tfast color vector quantizer proposed by Wu [29]. Two color his-
text columns is large enough to be split up after the horizontaigrams are derived from the color-quantized text box.
segmentation algorithm was applied [see Fig. 4(c)]. Experimen-1) A color histogram covering the four center rows of the
tally, it turned out that almost every layout can be divided into its text box.
text rows and columns if a few Cycles of vertical and horizontal 2) A color histogram Covering the two rows direct]y above
segmentations are applied to each text box [see Fig. 4(d)]. and underneath the text box (four rows together).
However, as a side effect, a few cycles of vertical angg |atter histogram should describe an image region of little or
horizontal segmentations may produce some very small boXReyt, while the first histogram should be dominated by the text
and/or boxes of large width-to-height ratios. Since the texhor, The maximum value of the difference histogram between
height in images as well as in video frames is limited, boxgge first and second histogram is very likely to correspond to

with the text color and the minimum to the dominating background
height< minexpeighe = Spt col_or. This methodology has experimentally proven Fo be very
or reliable for homogeneously colored text. Of course, it may fail

imagey..q for multicolored text which, however, is rare.

T height Based on the estimated text and most dominant background
2 color, we estimate whether a text bounding box contains normal

are classified as nontextregions and, therefore, discarded. Magt or inverse text. If the grayscale value of the text color is

over, since horizontal segmentation assures that text boxes dewer than the dominant background, we assume normal text;

tain text objects like words or text lines, the height of correctlgtherwise, inverse text.

segmented text boxes must be smaller than their width. Conse-

quently, boxes witteight > width are discarded, too. Finally, V. TEXT LOCALIZATION IN VIDEOS

text boxes sharing the same upper and lower boundary and being ) )
close enough to touch or overlap each other are joined into one/!d€os differ from images and web pages by temporal redun-

text box. This reduces complexity and will later enable a mof&ncy. Each text line appears over several contiguous frames.

stable text tracking throughout time. Fig. 5 shows an exampldiS temporal redundancy can be exploited to:

for a web page. 1) increase the chance of localizing text since the same
3) Estimating Text Color and Background ColoEstimates text may appear under varying conditions from frame to

of the text color and background color for each text box are ~ frame;

needed later to determine whether a text bounding box con-2) remove false text alarms in individual frames since they

tains normal (i.e., dark text on bright background) or inverse  are usually not stable throughout time;

text (i.e., bright text on dark background). Unfortunately, im- 3) interpolate the locations of “accidentally” missed text

ages and videos are colorful, and even a visually single-col- lines in individual frames;

ored region like a character in a video frame consists of pixels4) enhance text segmentation by bitmap integration over

of many different but similar colors. Therefore, the complexity time.

of the color distribution in each text bounding box is reducetb exploit the redundancy inherent in video, text boxes of the

by quantization to the four most dominating colors using theame content in contiguous frames must be summarized in one

helght> MaXtextheight =
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Fig. 6. Relationship between video monitoring (stage 1) and text tracking (stage 2).

text object based on the visual contents of the text boxes. Atext 111 #ides « [frame 0. ..., Frass 7|
object describes a text line over time by its text bitmaps, sizes, ::] "‘:ﬂ:ﬂ'{:‘. ‘:‘; .::Pr:.::::“
and positions in the various frames, as well as its temporal range ,;  {¢ no rese Line found
of occurrence. (5] cofitifun with rext t
Text objects are extracted in atwo-stage processinordertore- 1  localize text in frams =1 asd £4d
duce computational complexity. In a first stage, a video is mon- ::: e ':‘: :—“’“ i ht:; B whilehiofe
itorgd ata coarse_temporal resolution (s_ee Fig. 6 and [19]., [21]). & “.lufm'nmw “;ﬁjﬁ iﬁr_f_ $t
Forinstance, the image-based textlocalizer of Section IVisonly 418 if ssssch suecassial
applied to every 30th frame. If text is detected, the second stage ##!! croate new text object
of text tracking will be entered. In this stage, text lines found in :t:: :2:: :$ Ei::: :;:_E"
the monitor stage are tracked backward and forward in time up
to their first and last frame of occurrence. This stage uses a com-
bination of signature-based search of text lines and image-ba58d’- Video-monitoring algorithm for text occurrences.

text localization in order to reduce computational complexity

even further. line in frame;_; andframe, ;. Correspondence between two
o text lines is assumed if their respective bounding boxes at their
A. Video Monitoring original frame locations overlap each other by at least 80%. The

Video is monitored for text occurrences at a coarse tempofgrcentage of overlap is defined as
resolution. For this purpose, the image-based text localizer is
only applied to a temporally evenly spaced frame subset of overlap = [A N B|/|4]

the video. The step size is determined by the objective not to ] o
overlook any text line. However, it is completely unimportar@Ven thatA and B represent the point sets describing the refer-

whether text lines are localized at the beginning, at the middf@C€ and the second bounding box, respectively. Consequently,
or at the end of their temporal occurrence. In any case, the t&¥¢p corresponding boxes cannot differ by more than 20% in size
tracking stage will recover the actual temporal range of ealffhey occur at the same position and/or are only allowed to
text line. be slightly shifted with respect to each other if they have the
The maximum possible step size is given by the assumed madme Size. Smal_l shifts are common for nonstatic text. If corre-
imum temporal duration of text line occurrences. It is knowgPOnding boxes iframe, , andframe,, are found for a text
from vision research that humans need between 2 and 3 J¥gX in frame, a new text object (comprising these text boxes)
onds to process a complex scene [12], [17]. Thus, we should/B&reated and marked for tracking in time. A summary of the
on the safe side to assume that text appears clearly for at I#44g0 monitoring process is given in Fig. 7.
one second. For a 30-fps video, this translates to a step size of .
30 frames (see Fig. 6). B. Text Tracking
If the image-based text localizer does not find any text line in Each text object must now be extended backward and forward
frame,, the monitor process continues wilfame, 1 50. If, how- in time to all frames containing the respective text line. We will
ever, atleast one textline is found, the image-based text localizestrict our description to forward tracking only, since backward
will be applied toframe;_; andframe;,;. Next, for each text tracking is identical to forward tracking, except in the direction
line in frame,, the algorithm searches for a corresponding teybu go through the video.
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_ Basically, ourfasttexttrackertake_s t_he '_cextline inth_e current ., sigieand BECOONER: = 0
video frame, calculates a characteristic signature which allows (31 imagesased Drapduks = &
discrimination of this text line from text lines with other con- (%) whtile |sat [beglnning er end of wideo ||

tents, and searches in the next video frame for the image region
of the same dimension which best matches the reference signa-
ture. This signature-based exhaustive search algorithm resem-
bles the block-matching algorithm for motion prediction [1], ex-
cept that the similarity measure is based on a signature derived
from a feature image of the actual image. The vertical and hor-
izontal projection profiles defined in Section IV-D-2 serve as a
compact and characteristic signature, and the center of a signha-
ture is defined as the center of the associated bounding text box.
Similarity between two signatures is measured by signature in-
tersection, i.e., by the sum of the minimum between respective
elements in the signatures [23]. Cases where signatures capture
an object of interest as well as changing background signature
intersection are known to outperform L-norms [23]. All sigha-
tures whose centers fall into a search window around the center
of the reference signature are calculated and compared to the
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r_efer.ence signature in order to find the precise position pf atext |zq4 R R e G Pt
line in the next frame. If the best match exceeds a minimal re- 1388 1f imicimsl srror = sheashaldl
quired similarity, the text line is declared to be found and added ~ '#& 811 coxt bex to the best chject
to the text object. If the best match does not exceed a minimal :‘::; R i e roopuk
required similarity, a signature-based drop-out is declared. The ;s Lnsewmans mis-based Droplut

size of the search radius depends on the maximal assumed ve-
locity of text. In our experiments, we assumed that text needs at
Ie_ast 2 s to move from left to right in_the vide_o. Given the fr_amﬁg_ 8. Forward text-tracking algorithm of a given text object.
size and the playback rate of the video, this translates directly
to the search radius in pixels. In principle, we could predict the . .
" s b a5 bl _ 3 andmaigmatre-based _ g A value of

location by the information contained in the text object so far . i )
llows for tracking of text lines where signature-based search

narrow down the search space; however, there was no compﬂté o M _
tional need for it. is very difficult such as for zooming in or zooming out text. A

The signature-based text line search cannot detect a text fiygnmary of the video-monitoring process is given in Fig. 8.

fading out slowly, since the search is based on the signature of i
the text line in the previous frame and not on a fixed master/pry: PostProcessing
totype signature. The frame to frame changes are likely to beln order to prepare a text object for text segmentation, it is
too small to be detectable. Further, the signature-based text linenmed down to the part which has been detected with high
search can track zooming in or zooming out text only over@nfidence: the first and last frame in which the image-based
very short period of time. To overcome these limitations, the sitext localizer detected the text line. Next, all text objects which
nature-based search is replaced ewdtyframe by the image- occur for less than a second or show a drop-out rate of more than
based text localizer in order to re-calibrate locations and sizZ2%5% are discarded.
of the text lines. Heuristically, every fifth frame turned out to be The first condition rests on our observation that text lines are
a good compromise between speed and reliability. Again, theually visible for at least one second; shorter text lines are usu-
bounding boxes of corresponding text lines must overlap byalty false alarms. The second condition removes text objects
least 80%. resulting from unstable tracking which cannot be handled by
In addition, continuous detection and tracking (i.e., in eveisubsequent processing. Unstable tracking is usually caused by
frame) of text objects is often not possible due to imperfection girong compression artifacts or nontext. Finally, a few attributes
the video signal such as high noise, limited bandwidth, text oare determined for each text object.
clusion, and compression artifacts. Therefore, tracking should1) Text color Assuming that the text color of the same text
be terminated only if for a certain number of contiguous frames  [ine does not change over the course of time, a text ob-
no corresponding text line could be found. For this, two thresh-  ject’s color is determined as the median of the text colors

olds maxjyEetie=beoed andmaxege 2! are used. When- per frame.

ever a text object cannot be extended to the next frame, thep) Text sizeThe size of the text bounding boxes may be fixed

drop-out counter of the respective localization technique is in-  or change over time. If they are fixed, we determine the
cremented. The respective counter is reset to zero whenever the  fixed width and height by means of the median over the

search succeeds. The tracking process is finished as soon as set of widths and heights.

. signature—based .. L. . . .
one of both counters exceeds its threshaleky% ot 3) Text position The position of a text line might be static
in one or both coordinates. It is static in theand/or

or maxp5e . In our experiments, the thresholds were set



LIENHART AND WERNICKE: LOCALIZING AND SEGMENTING TEXT IN IMAGES AND VIDEOS 265

i+35eC 1+hsec

THers PR TR

Fig. 9. Example of text tracking of located text lines. All text lines except “Dow” could be successfully tracked. The line “Dow” is missed dueftouits dif
background (iron gate and face border).

y direction if the average movement per frame is less 2) A text height larger than 100 pixels does not improve
than 0.75 pixels. The average movement is calculated segmentation nor OCR performance. Reducing its size
based on the difference in location between the first and  lowers the computational complexity significantly. Since

last text occurrence of that text line normalized by the our approach is truly multiresolution and also operates on
number of frames. If the text line is static, we replace HDTV video sequences up to 1920 by 1280 pixels, larger
all text bounding boxes by the median text bounding font sizes are very likely.

box. The median text bounding box is the box whose

left/right/top/bottom border is the median over all leftB. Removing Complex Backgrounds

right/top/bottom borders. If the position is only fixed in 1) |mages and Web Page&ext occurrences are supposed to
one direction such as theor y axes, the left and right have enough contrast with their background in order to be easily
or the top and bottom are replaced by the median valueadable. This feature is exploited here to remove large parts of
respectively. the complex background. The basic idea is to increase a text
Fig. 9 shows the results of text tracking of located text lindgunding box such that no text pixels fall onto the border and
for the sample sequence. All text lines except “Dow” coulthen to take each pixel on the boundary of the text bounding box
be successfully tracked. The line “Dow” is missed due to i&s a seed to fill all pixels with the background color which do
partially difficult background such as the iron gate and fadeot differ more thanhresholdseeann. The background color is
border. The iron gate’s edge pattern is very similar to text flack for inverse text and white for normal text. Since the pixels
general. It also contains individual characters, thus confusiff the boundary do not belong to the text and since the text

the image-based text localization system, which in turn rendéf@ntrasts with its background, the seedfill algorithm will never
tracking impossible. remove any character pixels. We call this newly constructed

bitmap B" (z, v).

In our experiments, it was necessary to extend each rescaled
text box horizontally by 20% and vertically by 40% to ensure
A. Resolution Adjustments that all letters were completely contained in the text bounding
t . The Euclidean distance between RGB colors was used as
8*3 ance function, and the seed fill-algorithm used a 4-neighbor-

VI. TEXT SEGMENTATION

All subsequent text segmentation steps are performed on
box bitmaps rescaled by cubic interpolation to a fixed height f5od 2]

100 pixels, while preserving the aspect ratio for two reasons. ., background pixels are deleted by this procedure, since
1) Enhancing the resolution of small font sizes leads to betigye sjzes of the regions filled by the seedfill algorithm are limited
segmentation results. The very low resolution of video iy the maximum allowed color difference between a pixel and
a major source of problems in text segmentation and tei border pixel. Therefore, a hypothetical 8-neighborhood seed-
recognition. In MPEG-I encoded videos individual charfj|| algorithm with thresholdseeqqn is applied to each nonback-
acters often have a height of less than 12 pixels. Althougfiound pixel inB"(z, %) in order to determine the dimension of
text is still recognizable for humans at this resolution, the region that can hypothetically be filled. Background regions
gives today’s standard OCR systems a hard time. Thesi®ould be smaller than text character regions. Therefore, all hy-
OCR systems have been designed to recognize textpiathetical regions with a height less thatin,,n; pixels and
documents, which were scanned at a resolution of at leaswidth less thamin.;;), Or larger thannax.iq;, are deleted,
200-300 dpi, resulting in a minimal text height of at leaste., set to the background color.
40 pixels. In order to obtain good results with standard 2) Videos: Unlike text objects in images, text objects
OCR systems, it is necessary to enhance the resolutioriofvideos consist of many bitmaps of the same text line in
segmented text lines. contiguous frames. This redundancy is again exploited here, to
Enhancing the visible quality of text bitmaps is anotheiemove the complex background surrounding the characters.
and even more important reason for up-scaling small tekhe basic idea works as follows. Suppose the various bitmaps
bitmaps. The higher resolution enables sub-pixel precieéa text object are piled up such that the characters are aligned
text alignment (with respect to the original resolution) iperfectly with each other. Looking through a specific pixel in
Section VI-B-2 and better text segmentation in generdlme, you may notice that pixels belonging to text vary only
Similar observations have been made by [19], [10], [11§lightly, while background pixels often change tremendously
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through time. Since a text’s location is static due to its align- DEC 25 1998 Commodities trading
ment, its pixels are not supposed to change. Background pixels 2017 pM not ior every one
are very likely to change due to motion in the background or ones Involves risk and s

motion of the text line. _ Fig. 10. Segmentation sample results of tracked text lines. The “J” in “Jones”
Using about 40 temporally evenly spaced bitmaps out of thed the “" in “for” were lost since the upper bounds of the text boxes cut through
pile of perfectly aligned bitmaps, a maximum/minimum opel‘he “J” and “f,” respectively. The seconds of the time of recording were lost
. . . since they constantly increment and thus change over the course of the video
ator applied through time on the grayscale images for normal/,,ence.
verse text is generally able separate text pixels from backgroun

pixels. This temporal maximum/minimum operation was firid the background color is a good binarization threshold. Each
proposed by [19] for static text. In our work, however, it is alsBX€! in the text bitmap exceeding the binarization threshold is
applied to moving text since we solved the problem of sub-pixgft ©0 white for normal text and black for inverse text. Each pixel
accurate text line alignment as follows. in the text bltm_ap which is lower than or equal to the_bman_za-
Likewise for images and web pages, all bounding boxes #" threshold is set to black for normal text and white for in-
a text object are extended horizontally by 20% and verticalffrse text. Finally, it is recommended that the binary bitmap be
by 40%. Next, all bitmaps are converted to grayscale singaned-up by discarding small regions in the same way as de-
grayscale is less vulnerable to color compression artifactfibed Section VI-B-1. _ _
Almost all video compression algorithms represent intensity at™19- 10 shows the segmentation results of the sample video

a higher resolution than colors. L& (z, v), ..., Bas(z, v) sequence. The “J” in “Jones” and the “f” in “for” were lost
denote the 40 bitmaps and"(z,y) the representative since the upper bounds of the text boxes cut through the “J” and

.

bitmap which is to be derived and which is initialized tol respectively. The seconds of the time of recording were lost
Bi(z,y) = Bolz,y). Then, for each bitmap;(x, y) since they constantly increment and thus change over the course

i € {1,...,39}, we search for the best displacemerf®f the video sequence.
(dzP®, dys®*), which minimizes the difference between
B! (z, y) andB;(z, y) with respect to the text color, i.e., see VIl. EXPERIMENTAL RESULTS
the equation at the bottom of the page. Our text-detection and text-segmentation system has been
This partial block-matching search works because only pixatssted extensively on a large, diverse, and difficult set of video
with text color are considered. A pixel is defined to have teequences. From a video database of tens of hours of home
color if and only if it does not differ more than a certain amountideo, newscasts, title sequences of feature films, and com-
from the grayscale text color determined for the text object. Aercials, we selected about 23 short video sequences with the
each iterationB"(, y) is updated to objective to be as diverse as possible and to cover difficult—as
- ” opt opt well as easy—cases for text detection and text segmentation.
B (, y) = max(B{_y(z, y), Bi(v +da™, y +dy;™)), These 23 v){deo sequences totaled about 10 ming,J contained
for normal text 2187 characters, and had a frame size that varied between 352
and to x 240 and 1920x 1280. In addition, seven web pages were
. . . added to the test set.
BY(x, y) = min(Bl_ (z, ), Bi(w +day™, y+dy™)) Text Localization: For each frame and web page, the ground
for inverse text. truth for text bounding boxes was created by hand. Two different

Note that if in Section IV-D-3, a text object has been identfyPes of performance numbers were calculated: pixel-based and
fied to be static, we do not have to search for the best transigxt box-based performance numbers. _
tions. Instead, the translations between the various bitmaps arEixel-based performance numbers calculate the hit rate, false

all set to null. Finally, the same segmentation procedure as éé-rate, and miss rate based on the number of pixels the ground
scribed in Section VI-B-1 is applied 187 (z, ). truth and the detected text bounding boxes have in common, as

follows:
C. Binarization

. 100
The text bitmapB” (x, %) is now prepared for recognition by hitratepixel—based = S el U U ang
standard OCR engines. Here, the grayscale text bitmaps must be VgeG 9eC acA
converted to binary bitmaps. From Section IV-D-3, we know the
text color, the dominant background color, and whether we h&V&™"
to deal with normal text or inverse text. Since most of the back-

avtepixelfbased =100— hitratepixelfbased

ground has been removed, we decided to set the background 100
color to black for inverse text and to white for normal text. Theflsehitspixel—based = DR dolal-{U U eng
an intensity value halfway between the intensity of the text color vgea Vacd gCG aCA

NABT_ (=,y) CtextColor

(dx?bt7 dyfbt) = arg 1nin\/ Z (B;;l(x, y) —Bi(x +dr,y + dy))
(z,y)EB]_
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TABLE |
RESULTS OFTEXT LOCALIZATION
box-based pixel-based
text localization

hit rate|false hits | miss rate|hit rate|false hits|miss rate
Initial bounding boxes (Section 4.4.T) 48.8% T4.0%| S1.2%| 95.0%| T2.7% 5.0%
Refined text bounding boxes (Section 4.4.2)| 69.5%| 76.3% 305%| 86.7%| 53.5% 13.3%
text tracking (Section 5) 94.7% 18.0% 5.3% - - -

TABLE 1l TABLE 11l

RESULTS OFTEXT SEGMENTATION RESULTS OFTEXT RECOGNITION
character-based character-based
hit-rate | damaged characters miss rate hit-rate miss rate
79.6% 7.6%| 13.5% (inc. 5.3% from text localization) 69.9%1 30.1% (inc. 13.5% from text segmentation)
whereA = {a4, ..., a,} andG = {¢1, ..., gu} are the sets

: . : For MPEG-1 video (35X 240), our text localization and text
of pixel sets representing the automatically created text boxsees mentation operated at 10.6 fos on a Perftidrat 1.7 GHz
and the ground-truth text boxes of side= |A| andM = |G|, g P P : '

. ! ) Text Recognition:We used OmniPagePro 10 from Caere
respectively|a| and|g| are the number of pixels in each tex&o evaluate the overall performance of the system. 87.8%
box, anda N g is the set of joint pixels i andg.

In contrast, the text box-based hit rate, false hit rate, and m :'5(69'9/ 79.6) - 100) of the correctly segmented characters

) ere also recognized correctly. Over all stages, i.e., text
rate refer to the number_of detected boxes that match with tﬁ%alization, text segmentation, and text recognition, 69.9% of
ground truth. An automatically created text bounding Hoxas

regarded as matching a ground truth text bounding@®@dand all charat_:ters were _recogmzed correc_tly_ (see Table III). -
. Many times, individual characters within words were missing
only if the two boxes overlapped by at least 80%

100 in the input binary bitmaps. Therefore, a higher recognition rate

hitratenox—based = —— - Z max{&(a, g)} could be achieved if a content specific dictionary were used
gea o<t during the recogpnition.

Finally, we want to point out that although several threshold

missratep,ox_ =100 — hitratepox_
“box—based “box—based values have to be chosen properly, the whole system was not

. 100 very sensitive to their precise choice. Most threshold values
falsehitspox—pased = — =+ | N — > lgnélgw(a, 9)} could be chosen from a large range of values without really
a€d changing the overall performance of the system. For instance,
where L over-detection as well as under-detection of the fixed-scale text
§(a, g) = 1, if min(lan g|/lal, [angl/lg]) = 0.8 detector was compensated by the text bounding box refinement
’ 0, else. rocedure
On still images such as individual frames or web pages, thea very detailed experimental analysis of our system on how

text-detection system correctly found 69.5% of all text boxege different processing step affect the hit and false hit rate can
The 30.5% that were missed, however, constituted only 13.3§ found in [25].

of all text pixels. In other words, small text was more likely
to be framed incorrectly. Wat al. similarly observed that the
text detection rate falls off drastically for text heights below 10
points—from around 90% down t©55% [28]. Text in video is a unique and useful source of information
The localization performance could be boosted up to 94.78bout its content. Text localization, segmentation, and recogni-
by exploiting the temporal redundancy in video sequences tam in videos allow extraction of this information for semantic
mentioned in Section V. Only 5.3% of the text was missed @ndexing. We have presented a very generic, scale-invariant so-
falsely framed (see Table ). It took about 0.21 s for color imagégion for text localization and text segmentation in images and
of size 352x 240 on a Pentiuf4 at 1.7 GHz to localize the videos. On a difficult, real-world test set of video frames and
text occurrences. web pages, 69.5% of all text boxes were located correctly. The
Text Segmentation79.6% of all characters in the test videgerformance rose to 94.7% by exploiting the temporal redun-
set (including the ones lost during text localization) werdancy in videos. 79.6% of all characters in the test video set
binarized correctly. Correctness was determined by mangaluld be segmented properly and 88% of them were recognized
visual inspection of all created binary bitmaps. As shown icorrectly. These performance numbers are above the ones re-
Table I, 7.6% of the characters were damaged (e.g., some padsted for existing systems, albeit the test set has been very chal-
were missing) but still recognizable by humans. Consideritgnging.
that 5.3% of the text was not even detected, only 7.2% of theln addition, our novel text segmentation method is not only
characters were lost in the segmentation stage. able to locate and segment text occurrences into binary bitmaps,

VIIl. CONCLUSION
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but also to track each text line sub-pixel accurate over the eni7] S. Pfeiffer, R. Lienhart, S. Fischer, and W. Effelsberg, “Abstracting dig-
tire occurrence in a video, so that one text bitmap is be cre-  ital movies automatically,J. Vis. Comm. Image Represenol. 7, no.

4, pp. 345-353, Dec. 1996.

ated for all instance of that text line. Thus, our text-detecuoqm H. A. Rowley, S. Baluja, and T. Kanade, “Neural network-based face de-
and text-segmentation methods can be used for object-based tection,”|EEE Trans. Pattern Anal. Machine Intellzol. 20, pp. 23-38,
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