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Abstract

A common problem encountered in signboard recog-
nition is the perspective distortion of characters. In this
paper, we propose a method which is able to directly
recognize characters under severe perspective distor-
tion without perspective rectification. In this method,
a character is represented by a sequence of cross ra-
tio spectra, in which the perspective effect can be mod-
eled as an one-dimensional uneven stretching. Dynamic
Time Warping algorithm is employed to estimate the
pairwise similarity between spectra of the query and
spectra of a fronto-parallel template. Then, it is again
used to find out the pixel-level correspondence and the
similarity between the query and the template. The
experiment results showed that the proposed method
worked well on synthetic character images and sign-
boards in real scene under severe perspective projec-
tions.

1 Introduction

Current OCR techniques assume that the image to be
recognized is a parallel projection of the original docu-
ment. However, this assumption no longer holds when
it comes to images captured by cameras, which often
suffer from perspective distortion.

Many efforts have been made to remove the per-
spective distortion and rectify the distorted image into
a frontal-parallel view[1] [2] [4][5]. One important cat-
egory of them is to recover the perspective projection
matrix by estimating the vanishing points[1] [2] [4].
However, these methods assume that the text body has
sufficient text lines and that the layout is highly format-
ted. Another category, which is able to handle individ-
ual text lines, approximates the perspective transforma-
tion by an affine transformation [5]. The approxima-
tion holds when the distance between the object and the
camera is much greater than the size of the object. There
were also a few works to recognize individual charac-
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ters under perspective distortion directly using struc-
tural invariants, without any rectification [3] [6]. How-
ever, the performance of detection of those invariants,
such as ascender and descender, highly depends on the
length of text lines, hence this method may fail when
a text line is too short. In order to deal with the per-
spective distortion, methods mentioned above put con-
straints either on the perspective angle (weak perspec-
tive) or the contextual information (text line). In this
paper, a method to recognize characters under severe
perspective distortionmakeing no assumption about the
perspective angle or contextual information, will be pre-
sented.

2 Approach

Cross Ratio is a fundamental invariant for perspec-
tive transformation. The cross ratio of four collinear
points (Py, Py, P3, P,) displaying in order is defined as:

PPy PP,

cross_ratio(Py, Pa, P3, Py) = 250 PP
b P3P Py
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where P; P; denotes the distance between F; and P;.
cross_ratio( Py, Pa, P3, Py) remains unchanged under
any perspective transformation. In the rest of this pa-
per, the notation () refers to the query character as well
as the pixel sequence along the convex hull of the char-
acter, which is denoted by {Q1, ..., @, }. Similarly, T
refers to a template character and its pixel sequence on
the convex hull, denoted by {71, ..., T}, }. The recogni-
tion process has two steps: 1. Compare the pairwise
similarity of spectra of 1" and spectra of (). 2. Find the
pixel-level correspondence and estimate the similarity
between T and ().

2.1 Cross Ratio Spectrum

A cross ratio spectrum is a sequence of cross ratio
values. Figure 1 shows a character ‘H’ under fronto-
parallel view (P) and perspective view (P’). Suppose
pixels P, € P and P, € P have mapping pixels



Figure 1. Character 'H’ in the fronto-
parallel view and a perspective view.
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Figure 2. Cross Ratio Spectra of two map-
ping pixels P, and F,.

P € P’ and P] € P, respectively. Then I; and I
(intersections of the strokes and line P; P;) have map-
ping pixels ] and I} (intersections of the strokes and
the line P/ P}). Consequently, the following equation
holds:

cross_ratio(Py, I, I, Py) = cross_ratio(Py, I, I}, P,)

@)
Suppose the pixel sequence of the convex hull of P
is {Py, P3,...,Pn}, where P, is the anti-clock-wise
neighbor pixel of P;, and Ps is the anti-clock-wise
neighbor pixel of P, and etc. Cross ratio values are
calculated from each pair of (P, P;) and intersections
between them. When there are more than two intersec-
tions between both pixels, such as P; and P, in figure
1, only the first two intersections are used. For simplic-
ity, we will rewrite the cross ratio notation and leave out
the intersections as follows:

CR(Py, P;) = cross_ratio(Py, I, 12, P,)  (3)

If the number of intersections is O or 1, when
no cross ratio value can be computed, the pseudo-
cross ratio value is assigned as -1 or O respec-
tively. The cross ratio value of characters ranges
from 1 to co. This assignment is to guarantee that
pseudo-cross ratio is distinct from a real one. A
Cross Ratio Spectrum (CRS) of a pixel P; is de-
fined as: CRS(P;) ={CR(P;, Pi+1),...,CR(P;, P,),
CR(P;, Pr), ..., CR(P;, Pi_1)}.

2.2 Modeling The Perspective Effect

Although a cross ratio value remains constant un-
der perspective projection, the spectrum of a pixel does
change. Because under a perspective projection, some
parts of a character expand, while some parts shrink.
This leads to pixel increasing or decreasing on certain
parts of the convex hull. As a result, some segments of
the spectrum curve are elongated, while some are short-
ened. An example is shown in figure 2. The cross ratio
spectra of two mapping pixels P; and P/ are shown in
figure 2(a) and (b) respectively, where x-axis is the pixel
index and y-axis is the cross ratio value (for a better
view purpose, all pseudo-cross ratios are set as 0). Visu-
ally, spectrum (b) is very similar to spectrum (a) except
for a few noise, but it has certain fluctuation in the x-
axis. In our method, spectrum (b) is modeled as an un-
even stretching version of curve(a). Hence, we use Dy-
namic Time Warping (DTW) algorithm to compare the
similarity between spectrum (a) and (b). It is worth not-
ing that, the noise is caused by false pixel quantization
in corners. When the distance between two intersec-
tions is long enough, increasing or reducing one-pixel
length introduced by the quantization will not affect the
cross ratio value; otherwise the cross ratio may change
alot.

2.3 Comparing Cross Ratio Spectra

CRS(Qi) = {CR(Qs,Qit1),,CR(Qi,Qi—1)}
is rewrited as CRS(Q;) = {qu,u = 1 : u} for simplic-
ity. Similarly, CRS(T;) = {t,,v = 1 : v}. The com-
parison between C RS(Q;) and CRS(T)) is formulated
as:

DTW(u—1,v—1) + ¢(u,v
DTW (u—1,v) + c(u,v
DTW (u,v — 1) + ¢(u,v)

DTW (u,v) = min

where c(u,v) = abs(qy — t,)/(qu + t») is the cost
function. The similarity score is given by DTW (u, v)
over the length of the warping path.
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Table 1. The global similarity table.
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Figure 3. Global similarity table searching
using DTW.

2.4 Comparing Query and Template

The DTW comparisons are conducted between each
pair of (); and T}, and a 2 X m x n global similarity
table is constructed as table 1 (although m x n compar-
isons are conducted), cell (4, j) denotes the similarity of
corresponding pixels. After the global similarity table is
filled, the pixel-alignment path is found in the table.

Each time, a DTW is applied to a sub-table com-
prised of column {%, i+ 1, ..., i+m — 1} of the global
table, to align T} with Q5 and T}, with Qp4,,—1 as the
initial condition. The comparison is formulated as fol-
lows:

DITW(@Ei—1,5—1)+c(3,5)
DTW (i —1,7) + c(i,5)
DTW (i, j 1) + c(i, j)

)

where ¢(i,j) = global_similarity_table(h+1i—1,7),
i =1:m,and j = 1 : n. An example is shown in
figure 3 when i = 1. The path labeled in gray color is
the desirable path, and the similarity score between @)
and T is given by DTW (m, n) over the length of the
path. Among m possible scores, the smallest one gives
the similarity score that is desirable. Meanwhile, the
pixel level correspondence between @ and T is given
by the warping path.

DTW (i,7) = min
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Figure 4. Generated character images.

el= 20° 30° 40° 55° | 70° | 85°

az=30° | 91.94 | 93.55 | 93.55 | 100 | 100 | 100

az=60° | 93.55 | 96.77 | 100 100 | 100 | 100

az=90° | 100 100 100 100 | 100 | 100

Table 2. Recognition results of synthetic
images.

3 Experiment Results and Discussion

A template set was trained on synthetic fronto paral-
lel images of 26 uppercase English characters, 26 low-
ercase characters and 10 digits in Arial font and bold
style. In the experiments, testing characters were com-
pared with the template set. The template character
which had the highest similarity with the query gave
the identity of the query.

3.1 Synthetic Image Testing

In the first experiment, 18 testing datasets, each of
which comprised of 26 uppercase characters, 26 lower-
case characters and 10 digits, were generated by matlab
using various perspective parameters. The characters
are of Arial font and bold style. The perspective images
were generated by setting the target point at the center
of a 100 x 100 pixel bounding box around each char-
acter, and setting the perspective angle as 25°, while
changing the azimuth and elevation angle gradually.
The smallest elevation angle was set as 20°, because
further reduction of the elevation angle led to characters
which are difficult for human to recognize. Examples of
the character ‘B’ under different perspective distortions
are shown in figure 4.

Table 2 shows the percentage of correctly recognized
characters under different perspective distortions. The
result gets 100% accuracy when the azimuth angle is



90°, while some degradation happens when the azimuth
angle is 60° or 30°. The result shows that the proposed
method works well under severe perspective distortion.
On the contrary, two OCR softwares used in the ex-
periment, namely Tesseract OCR and OminiPage Pro
14.0, almost were not able to recognize these charac-
ters. For the proposed method, errors happened within
character groups {DO} and {CU}. Because these char-
acters have very similar spectrum sequences. Noise (ab-
normal peaks caused by false pixel quantization) in the
spectrum will have a significant impact on the recog-
nition. The problem may be addressed by selecting a
better cost function other than square difference which
tends to magnify the effect of noise. However, the pro-
posed method still showed strength to differentiate char-
acters with similar structures, like {O0}, {ZN}, {L7},
and {UV}. Even in fronto-parallel view, these charac-
ters could be easily mistaken for each other in recogni-
tion when their orientations are unknown.

3.2 Real Scene Image Testing

The purpose of the second experiment is to investi-
gate how the proposed method works when real scene
noise appears, introduced by the camera lens or the bi-
narization process. 20 photos of different signboards
taken from different angles were tested. The testing
photos were 1200 x 1600 pixels with similar but not
exact fonts as Arial. In order to show the recognition
performance independently and avoid errors caused by
character detection, images were binarized by a global
thresholding method and then character boxes of En-
glish characters and digits were manually extracted be-
fore recognition. We got 294 characters in total. Exam-
ples of the testing photos are shown in figure 5.

The recognition accuracy is 100% for our method,
30.61% for Tesseract OCR, and 61.2% for Ominipage
Pro. The performance is better than that in the first
experiment. The reason for higher recognition accu-
racy is that, due to physical constraints during taking
photos, the perspective distortion appearing in the real
scene images was not as severe as those in the synthetic
data. Note that these signboards have fonts similar to
the training font, but not always the same. Thus the
performance suggests that the proposed method is tol-
erant to different fonts to a certain degree. In the third
photo of figure 5, the word “RESERVED” is elongated
in the vertical direction in order to fit the word into the
signboard, which is very common in signboard making.
In other words, the elongating effect in the vertical di-
rection exists even in the fronto-parallel view. A few
testing images are under bad illumination, but the pro-
posed method shows a certain robustness to imperfectly

Figure 5. Signboards in real scene.
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Figure 6. A photo with bad illumination.

segmented characters from these images. For example,
the string “STOREY” shown in figure 6 was correctly
recognized in the experiment.

4 Conclusion

This paper proposes a new character recognition
method based on cross ratio spectrum. This technique
is capable of directly recognizing characters with an
elevation angle as small as 20°. Because of DTW,
the method currently suffers from long execution time.
However, further optimizing the comparison process by
DTW indexing is possible. Although only English char-
acters and digits were tested in the experiment, we be-
lieve that this method can be extended to all Latin-based
languages and some simple symbols. Further exami-
nation of the discriminating power of the method on a
larger character set will be done in future. In addition,
issues of fonts and typefaces will also be addressed in a
more detailed way too.
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