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ABSTRACT

Video is an increasngly important source of information to the intelligence andys. Recognizing
text that appearsin rea-world scenery is potentidly useful for characterizing the contents of video
imagery. Previous research in text recognition for both printed documents and other sources of imagery
has generaly assumed that the text liesin a plane that is oriented roughly perpendicular to the optica
axis of the camera. However, text such as street Sgns, name plates, and billboards appearing in
captured video imagery often liesin aplane that is oriented at an oblique angle. SRI Internationa (SRI)
is developing an gpproach that takes advantage of 3-D scene geometry to detect the orientation of the
plane on which text is printed. The text recognition process will then be able to transform the video
image of the text to a normdized coordinate system before performing OCR, yidding more robust
recognition performance. Our approach applies full- perspective projections and image-to-image
homographies that capture the appearance of a plane viewed through perspective optics. We describe
our gpproach and present some preliminary results.

PROBLEM STATEMENT

Video isan increasingly important source of information to the intelligence analyst, and the volume
of collected multimedia datais expanding a atremendous rate. A cgpability to automaticaly identify the
contents of video imagery would enable videos to be indexed in a convenient and meaningful way for
later reference, and would enable actions (such as automatic notification and dissemination) to be
triggered in red time by the contents of streaming video. Methods of redlizing this capability thet rely on
the automated recognition of objects and scenes directly in the imagery have had limited success
because (1) scenes may be arbitrarily complex and may contain dmost anything, and (2) the
gppearance of individua objects may vary greetly with lighting, point of view, etc. The recognition of
text is eader than the recognition of objectsin an arbitrarily complex scene, because text was designed
to be readable and has aregular form that humans can easlly interpret.

Our effort isfocused on scene text, such as street Sgns, name plates, and billboards, thet is part of
the video scene itsdlf. Mogt previous text recognition effortsin video and gill imagery [Jain and
Bhattacharjee 1992; Ohya, Shio, and Akamatsu 1994; Zhong, Karu, and Jain 1995; Smith and Kanade
1995; Lienhart 1996; Yeo and Liu 1996; Wu, Manmatha, and Riseman 1997; Jain and Y u 1998; Sato
et a. 1998; Li and Doermann 1998g; Li and Doermann 1998b] have assumed that the text liesin a
plane that is oriented roughly perpendicular to the optica axis of the camera. Of course, this assumption



isvdid for scanned document images and imagery containing overlaid text cgptions, but is not generaly
true for scene text. Figure 1 shows an image, captured from a video camera, of a café scenein which
the name of the café is viewed from an oblique angle. Such a configuration is quite common when the
main subject of the sceneis not the text itsdlf, but such incidentd text could be quite important (for
example, it may be the only clue to the location of the captured imagery).

To address the problem of recognizing text that lies on a planar surfacein 3-D space, we note that
the orientation angle of such text relative to the camera can be modded in terms of three angles, as
shown in Figure 2:

g, the rotation in the plane perpendicular to the camerd s optical axis

j and g, the horizontd (azimuth) and vertica (elevation) components, respectively, of the

angles formed by the normal to the text plane and the optica axis.

Figure 2. Orientation Angles of Text



The three angles represent the amount of rotation that the text plane must undergo reléive to the camera
in each of itsthree axesto yidd afronta, horizontal view of the plane in the camera sfidd of view.
When q and g are zero and j  is nonzero, the apparent width of the text is reduced, resulting in a change
in agpect ratio and aloss of horizonta resolution. Smilarly, when q andj are zero and g is honzero, the
text appears to be squashed verticaly. The severity of perspective distortion is proportiond to D/Z,
where D isthe extent of the text parale to the optica axis (its “depth”) and Z is the distance from the
text to the camera. When the text is not centered at the optical axisor both j and g are nonzero, the
text appears to be rotated in the image plane (see Figure 3). If the text were rotated to remove this
gpparent angle by atext recognition process that mistakenly assumed the text is fronto- pardld, the
characters would become sheared (see Figure 4). When both | and g are nonzero and perspective
digtortion is sgnificant, the shearing angle varies from left to right within the text region. OCR engines
perform poorly if the shearing causes charactersto touch or to be severely kerned (overlapped
verticaly).

Figure 3. Image Showing Apparent Rotation in the Image Plane

Figure 4. Image from Figure 3, After In-Plane Rotation



TECHNICAL APPROACH

In our approach we take advantage of 3-D scene geometry to detect the orientation of the plane
on which text is printed. The text recognition process can then transform the video image of thetext to a
normaized coordinate system before performing OCR. There are two ways to estimate the parameters
of aplane containing text. The first uses the shape and orientation of the text and the planein asingle
image. The second examines the motion of the text and plane through a sequence of video image
frames. We plan to develop techniques of both types and combine them to form arobust estimation
procedure that takes into account the full perspective projection involved in the imaging process. In this
paper we report some preliminary results from single-image andlyss.

When the plane that contains the text is a an angle relative to the image plane, severd types of
digtortions can be introduced that make it difficult to read the text. In the most generd case, the
digortion is described as a projective transformation (or homography) between the plane containing the
text and the image plane. We can correct this distortion by applying the appropriate “ corrective’
projective transformation to the image. That is, we can rotate and stretch the origind imageto create a
synthetic image, which we cal a*“rectified image,” in which the projective distortion has been removed.

In generd, atwo-dimensiond projective transformation has eight degrees of freedom. Four
correspond to a Euclidean 2-D transformation (trand ations aong two axes, a rotation, and an isotropic
scae factor); two correspond to an affine transformation (a shear and a nonisotropic scaing of one axis
relaive to the other); and the remaining two degrees of freedom represent a pergpective foreshortening
aong the two axes.

From an OCR point of view, some of the eight parameters produce changes that are harder to
handle than others. In particular, the two trandations are not a problem, because they smply produce an
imege shift that is naturdly handled by OCR systems. Smilarly, the two scale factors are not a problem,
because the OCR systems typically include mechanisms to work a multiple scales. The Euclidean
rotation is important, but is easily computed from aline of text. Therefore, three critical parameters
produce distortions that are difficult for OCR systemsto handle: the two perspective foreshortening
parameters and the shearing.

In our Sngle-image andysis gpproach, estimates of the plane parameters are computed from the
orientations of the lines of text in the image and the borders of planar patch, if they arevisble. To
remove a projective distortion, we need to compute the three critical degrees of freedom associated
with the plane on which the text is written. In generd, we can do this by identifying three geometric
congtraints associated with the plane. For example, we can compute necessary parameters, given two
orthogonal pairs of parald lines, such asthe borders of arectangular sgn or two paralel lines of text
and a st of vertical strokeswithin the text. The three congiraints derivesble from these sets of lines are
two vanishing points (one from each set of pardld lines) and an orthogondity congraint between the
setsof lines.

Sometimes, however, such linear properties are difficult to detect. In such cases, we can estimate
the parameters by making assumptions about the camera-to-plane imaging geometry that are often true.
For example, people normaly take pictures so that the horizon is horizonta in theimage. In other
words, they seldom rotate the camera about its principa axis. In addition, they often keep the axis of the
camerardaively horizontd. That is, they do not tilt the camera up or down very much. When these two



assumptions gpply and the text lies on a verticd plane, such asawadl of abuilding or abillboard, the
projective digortion is only dong the X axis of the image. The perspective foreshortening in that
direction can be computed from one congtraint, such asa pair of horizontd pardld lines.

Another assumption that often holdsis that the perspective effects are significantly smaller than the
effects caused by the out-of-plane rotations. Thisisthe case if the depth variation in the text is smdll
compared with the distance from the camera to the plane. In this case, the perspective digortion is
reduced to an affine shear and the projection is described as a weak perspective projection.

Table 1 summarizes the degrees of freedom that remain uncorrected after different sets of linear
features are found and different assumptions are made about the plane-to-camera geometry.

Table 1. Degrees of Rectification

Geometric Vertical Alignment General Position
Relations
Identified Weak Full Weak Full
Perspective Perspective Perspective Perspective
. . Fully Rectified Foreshortening Shear Foreshortening in X
Horizontal Line . Lo
in X Foreshortening in Y
Shear

[ ][\

Parallel Horizontal Lines | Fully Rectified Fully Rectified Shear Foreshortening in Y

Shear
Horizontal Line Fully Rectified Fully Rectified Fully Rectified Foreshortening in X
Vertical Line Foreshortening in Y
Parallel Horizontal Lines Fully Rectified Fully Rectified Fully Rectified Fully Rectified

Parallel Vertical Lines

Given these rlaionships, our generd dtrategy isto identify as many properties of aregion of text
as possible, and then compute a corrective transformation, using as few assumptions as possible.
Initidly, we use information derived independently from each individud line of text. Next, we combine
information from multiple text lines after partitioning them into sets of linesthat lie within acommon



plane. We then further augment the process by detecting auxiliary lines that can provide horizontal and
vertical cues. These can include lines in the same plane as the text (such as sign borders), and
extraneous lines (e.g., building edges). Findly, depending upon our success in finding these fegtures, we
can either make assumptions to subgtitute for missing congtraints (and then compute a transformeation
that corrects for afull perspective projection) or compute a transformation that does not completely
remove al degrees of freedom. This approach is more generd than the method described by Clark and
Mirmehdi [2000], which requires the text to lie within a quadrilaterd whose edges must be found; this
quadrilaterd is then transformed to a rectangle under aweak perspective assumption.

PRELIMINARY EXPERIMENTS

Thus far we have implemented only the first part of our generd strategy—rectifying each text linein
asingle image independently. After possible lines of text are detected, various festures of each text line
are then estimated. These include the top and base lines, and the dominant vertica direction of the
character strokes. The rectification parameters for each text line are computed from these
characterigtics. Each text line is then rectified independently and sent to an OCR engine.

The text detection and location process, somewhat smilar to those described by Smith and
Kanade [1995] and by Wu, Manmatha, and Riseman [1997], detects vertically oriented edge
trangtions in the gray- scae image, and links those that are compatible in Size and relative position to
form lines of text. A rectangleisthen fitted to each line of detected text. Figure 5 shows atest image of
apoder containing text that was captured at an azimuth angle of 70 degrees; the rectangles that have
been fitted to each detected text line are shown in overlay. (Some of the rectangles do not look to the
eye like true rectangles because of the perspective view of the image contents). Computing the best-
fitting rectangle for each text lineis an expedient way to gpproximate the location and extent of the text,
but the top and bottom of the text are not accurately computed when significant perspective distortion is
present.

A top line and base line for each line of text are estimated by rotating the text line a various angles
and then computing a series of horizontal projections over the vertica edge trangitions. (When the text
congsts of predominantly lower-case characters, the “top” line actudly corresponds to the “midling” of
the text that touches the tops of lower-case characters, excluding their ascenders.) The best estimate of
the top line should correspond to the rotation angle that yields the steepest dope on the top side of the
horizontal projection; the best estimate of the base lineis smilarly computed. Figure 6 showsan
example of this procedure.



Figure 5. Rectangular Bounding Boxes Overlaid on a Test Image (Azimuth 70
Degrees)

Best Top Line

Best Base Line

Figure 6. Estimation of Top and Base Lines



In addition to computing two horizontaly oriented lines, we would like to find and mesasure the
angles of two verticaly oriented lines to use in the computation of the rectification parameters.
Unfortunately, an individud line of text does not have much vertica extent, and it is difficult to determine
which parts of the text could be used as verticad cues. However, the height of the text is not usudly a
sgnificant fraction of the depth of the text in 3-D space, so that the pergpective foreshortening inthe Y
dimension should be rdatively smal. Therefore, in the aosence of any other rdiable vertica cues, we
compute the dominant vertica direction (shear) of the text by computing a series of vertica projections
over the vertica edge trangitions after rotating the text linein 2-degree increments. The best estimate of
the dominant verticd direction should correspond to the angle a which the sum of squares of the vertica
projection is amaximum (on the assumption that the projection of true vertical strokesis greatest when
they are rotated to a vertical postion). Figure 7 shows an example of shear computation. The
deshearing process can be somewhat unreliable, because it assumes that a significant fraction of the
characters contain vertica strokes. Figure 8 shows the refined bounding boxes based on the top and
base lines and on the dominant vertica direction. Figure 9 shows the warped text lines (a) after the
initid rectangular bounding box is deskewed; (b) after the basdineis refined (without including the top
linein the dewarping computation) and then deskewed; and (c) after the lines are desheared.

Figure 7. Estimation of Shear



Figure 8. New Boxes from Top Lines, Base Lines, and Shear
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(a) Initial Bounding Boxes

(b) Refined Baseline (c) After Deshearing

Figure 9. Warped Text Lines

The transformation used to rectify theimage of each text line, L;, occuring in an obliquely viewed
imege, O;, is aprojective transformation, Tj;, of the text plane. This transformation is described by

m = Hm
. . . @(u .
whereH isa3” 3 matrix that maps the homogeneous coordinatesm = €yl in O; to the homogeneous
eld



ex u
rectified coordinatesm' = ésy' U in anormalized imege N;. The horizontal and vertical vanishing points
ESH
: o , LU0 -V R .
are mapped to the points a infinity in the horizontd 9@0@: and vertica 9@0@: directions. This process
Bl &Lty

takes care of the perspective foreshortening in both directions, aswell as the skew and rotation. The
remaining four degrees of freedom correspond to the origin and scae factors that place the linein the
normdized image N;. Theimage N;, which contains al of the rectified lines from image O;, is then sent
through the OCR process. (We are currently using the Scansoft, Inc. DevKit2000 OCR package.)
Figure 10 shows, for the 70 degree azimuth test image, the recognition results overlaid on the
normalized image.

To measure the improvement in recognition performance due to the rectification process, we ran
our process on a st of test images of a poster containing text viewed at various angles. The evaluation
was performed semiautomaticaly by the process shown in Figure 11. We generated a ground truth
data st (including the bounding boxes as wdll as the identities of the characters) by running the text
detection and OCR process on areference image R, and manually correcting any recognition errors.
For our reference image we used a fronto-parale view of the pogter. In each of the test images O; , the
positions of the four corners of the poster were automatically detected and used to compute a
transformation E; that maps apixel position in O; into a corresponding position in R. By goplying T
and then E;, we mapped the OCR results for line L; from normalized coordinate space into the
coordinate space of R. We expect that the lines and characters of text in correctly rectified images will
coincide with those in atrue fronto-pardle image. An automated process compares the recognized
results to truth data on aline-by-line and character-by-character basis. Figure 12 shows the reference
image overlaid with the ground truth data. Figure 13 shows the OCR results of Figure 10 after the
inverse mapping back into the coordinate system of reference image R.



Figure 10. OCR Results Overlaid on the Normalized Image
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Figure 11. Evaluation Procedure

Figure 12. Reference Image and Ground Truth Data



Figure 13. Test Results Overlaid on the Reference Image

Figure 14. Azimuth Test Image Set
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Figure 15. Test Results

Figure 14 shows one series of test images where the azimuth angle varies in increments of 10
degrees. Figure 15 shows the character recognition results as afunction of azimuth angle for the various
verson of rectification. *Percentage Correct” means the number of characters recognized correctly,
divided by the number of charactersin the reference ground truth data set. As expected, the
performance drops as the azimuth angle increases. At the most oblique angles, when the character
stroke width and/or spacing between characters becomes one pixe or lessin the origina image, the
resolution available for the interpolation process during rectification is not sufficient to adequately
preserve the character features. The graph shows that each of the three processing steps contributes to
the increase in performance. These improvements are greatest at the more oblique angles.

CURRENT AND FUTURE WORK

We are currently developing methods that will automatically compute the rectification parameters
for dl text linesin asingle image smultaneoudy. This process is expected to yield more reliable
estimates of the rectification parameters, especidly for short lines of text. Part of this process will
automaticaly determine which sets of lines (the top and base lines from lines of text, and other significant
linesin theimage) have a common vanishing point and are therefore truly pardld and lie withinasngle
plane.

Because lens distortion can affect the accuracy of our estimation of straight lines, we are
implementing a preprocessing step that characterizes and corrects for lens digtortion in the imagery. We
estimate the parameters of our lens distortion modd by providing the sequence of pixels dong four or
more graight lines detected in the set of image framesin a video sequence captured with the same lens
SHting.

In the future we plan to use the information from multiple images in the video sequence to produce
amore robust estimate of the rectification parameters. Methods we will consder include exploiting the
congstency across frames of the rectification parameters themsalves, tracking features of the text
regions such as baselines and sign borders, and deducing the orientation of text planes by tracking the
displacement of individud points through the image sequence.
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