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ABSTRACT

We introduce an iterative approach to recognizing
two-dimensional grammatical structure within dig-
ital images, which we term “turbo recognition.” In-
spired by the success of turbo decoding for chan-
nel coding of one-dimensional sequences, we de-
velop a recognition scheme for images based on
two independent views of the same underlying mes-
sage. These correspond to two independent image
sources, one in the horizontal direction and the other
in the vertical direction, which are driven by a sin-
gle input message. The recognition process pro-
ceeds iteratively, first along one direction and then
the other, applying the Forward/Backward algorithm
to derive a new prior probability distribution on the
input message for the orthogonal recognition step.
This holds promise as a principled approach within
the Document Image Decoding (DID) framework
for the recognition of nontrivial 2D layout structure
such as tables.

1. INTRODUCTION

Document Image Decoding (DID)[1] is a communi-
cation theory approach to document image recogni-
tion. It specifies a statistical model, shown schemat-
ically in Figure 1a, for the generation and recogni-
tion of digital images such as scanned documents.
Image generation begins with an input message U,
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Figure 1: DID approach to document image recog-
nition. (@) Traditional model. (b) Turbo model.

which is encoded as an ideal digital image X =
encode(U). This in turn is transmitted through a
noisy channel P(Y|X), resulting in an observed

image Y. Document recognition is then precisely
defined asthe recovery from Y of the message U=
decode(Y") that minimizes the probability of error
P(U # U). This message maximizes the posterior
probability on input messages given the observed
evidence, i.e. decode(Y') = argmaxyr P(U'|Y).

In DID, the encoder is typicaly a finite-state
transducer. When driven by the input message U, it
emitsthe output symbolsthat formtheideal image[1].
The noisy channel can be taken to be simply bit-
flip noise in the case of binary images. Algorithms
familiar in the communication theory context, such
asthe Viterbi and Forward/Backward algorithm, are
then used to recover the best estimate U .

The most prominent success of DID to date has
beenintheareaof optical character recognition (OCR).
DID has exhibited an order of magnitude decrease
in error rate, relative to commercial OCR systems,
when applied to documents several hundred pages
inlength[2]. DID is competitive with conventional
systems in speed as well, when optimized for the
largely one-dimensional layout structure of text
documents[2].

DID has had relatively less success when ap-
plied to problemsof two-dimensional document lay-
out. While it can perform (with the help of ex-
pert knowledge) complex layout analyses 1], an ef-
ficient general method within DID for decoding doc-
uments with even a simple two-column layout has
yet to be developed, The difficulty stems ultimately
from two problems. First, with a finite-state model
of document production, it is difficult to model both
horizontal and vertical constraints without a dra-
matic increase in the state space.* The second prob-
lem is that many two-dimensional structures have
multiple interpretations. For example, a table can
be read horizontally, as a sequence of columns, or
verticaly, as a sequence of rows. No single gram-
matical structure can provide both interpretations.

In this paper, we introduce a method that ex-

1Context-free grammars can help in this regard[3, 4], but are
still prohibitively expensive in practice.



tends the DID framework to deal effectively with
certain kindsof two-dimensional layout. The method
uses two finite-state transducers simultaneously —
one horizontally and one vertically — to impose
congtraints in both directions. Unlike complicated
two-dimensional models such as Markov random
fields, the method largely retains the computational
advantages of one-dimensiona methods. However,
decoding must now be performed by iterating be-
tween the horizontal and vertical constraints. In-
spired by the analogy to turbo decoding (discussed
below), we term the method “turbo recognition.”

2. TURBO RECOGNITION

Turbo coding for the communication problem was
discoveredin 1993 by Berrou et a.[5, 6]. Compared
to state-of-the-art convolutional codes, turbo codes
can achieve a far lower bit error rate on channels
with a given signal-to-noise ratio (10~° vs. 1072,
at 1.7 dB), or conversely, reliable coding on chan-
nels with a far worse signal-to-noise ratio (bit error
rate 10~° at 1.7 dB — within 0.5 dB of the Shan-
non limit of 1.2 dB — vs. 4.0 dB). Turbo codes
consist of two parallel convolutional codes (see e.g.
[7]). Thefirst convolutional code encodesthe bit se-
guence as usual, while the second encodes a permu-
tation of the original sequence. In a sense, the two
convolutional codes take “orthogonal” views of the
same data. In thisway, error patterns which are dif-
ficult for one of the codesto correct may be easy for
the other code to correct. For example, burst errors
with respect to one code appear as isolated errorsto
another.

We apply thisinsight and the general methodol -
ogy of turbo coding to the recognition of rectangu-
lar layout structures in document images. For this
purpose, we assume that the images are approxi-
mately aligned on arectangular grid.?

In turbo recognition of document images, the
generation of an observed image is modeled by the
process shown in Figure 1b, in which asingle input
(two-dimensional) message U is encoded by two
one-dimensional finite-state transducers. The first
transducer operates (independently) on each row of
U, producing an overall ideal image X ¥, while the
second operates on each column of U, producing
an overal ideal image XV. The transposition of
the image, horizontal to vertical, plays the role of
the permutation in turbo coding. The ideal images
XH and X'V are passed through independent chan-
nels to produce the corrupted images Y 7 and Y'V'.

2Existing techniques should be sufficient to accomplish the
necessary alignment.

These images are then deterministically reconciled
to produce the single observed image Y, which is
equa to Y (orYV)if YH =YV andisotherwise
equal to some null image.

Notethat avalid input message U must now sat-
isfy (i.e. be accepted by) two transducers instead of
the usual one. Let LT (LY) denote the set of im-
ages whose rows (columns) all drive the horizontal
(vertical) tranducer into its accepting state(s). The
prior distribution on U, P(U|L* L"), can then be
considered as a distribution P(U) restricted to the
intersection of L and LY .

The decoding problem is to find the message
image U maximizing the posterior distribution
P(U|Y,LH LV). Thisis ahard problem in gen-
eral, but if Y is not the null image (which of course
is aways the case in practice) then we have effec-
tively observed YH and YV (sinceY® =YV =
Y),sothaa Y » XH - U - XV 5 YVisa
Markov chain. Then the problemisto find the mes-
sageimage U maximizing the posterior distribution
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Here, j isacolumn index, U; is the jth column of
theimage U, L} istheevent that U; drivesthe ver-
tical transducer into an accepting state, and YjV is
the jth column of the observed image Y'V. Like-
wise, i isarow index, U; is the ith row of the im-
age U, L{I isthe event that U; drivesthe horizontal
transducer into an accepting state, and Y, istheith
row of the observed image Y 7. Finally, U; ; isthe
(4, j)th pixel of theimageU. Now, (1) ismaximized
over U by maximizing

Py, Ly Uy [] P 1V, LI
[

independently for each column U; of U. For this
purpose, the product distribution ], P(U; ;|Y;, LH)



provides a prior on the column U;. Each factor
in this product is the margina posterior distribu-
tion P(U; ;|Y;, LF), which can be found by the
Forward/Backward a gorithm through the horizon-
tal trellisfor row i.

The approximation in (1) is exact when U, ; is
conditionally independentof U 1, ..., U; j—1 given
Y LE. Thiswill betrueif paths through the trel-
lisbeginningU; 1, ...,U; ;—1 have probability one,
i.e., if one path takes al the probability. Thus the
approximation will be good if the posterior distri-
bution of U given Y L is sharply peaked. In-
tuitively, by feeding in the posterior distribution of
the horizontal decoding as the prior distribution of
the vertical decoding, the posterior distribution be-
comes more peaked. This leads to the iterative al-
gorithm, in which the posterior distribution of the
vertical decoding is then fed in as the prior distri-
bution of the horizontal decoding, whereupon the
processis repeated until convergence.

It should be noted that the convergence proper-
ties of the turbo decoding algorithm itself have yet
to be fully understood[9, 10]. We find that three or
four iterations suffice for small images (see below),
and we are presently studying the behavior onlarger
images. The empirical success of turbo codes, how-
ever, encourages us to believe that similarly high
performance can be achieved in general in the im-
age recognition context.

3. EXAMPLE

Consider the set of al binary images X containing
exactly one black rectangle. In the turbo recogni-
tion framework of Figure 1b, where the input mes-
sageU isfedinto two independent finite-state trans-
ducers, the rectangle can be described as the inter-
section of two orthogonal black stripes, represented
by the images U¥ and U" shown in Figure 2a.
Each row of U satisfies a simple one-dimensional
grammar, consisting of a run of white pixels, fol-
lowed by arun of black, followed by arun of white
(and the same holds true for each column in the
image U"). Note that the black runs in different
rows are not explicitly forced to be aligned. In-
stead, alignment is achieved implicitly by the fact
that (valid) input messages U satisfy both the hori-
zonta and vertical grammars simultaneously.

To effect this integration of horizontal and ver-
tical constraints, take each input message pixel U;;
to be composed of the pair of binary components,
(Ui, UY), where U/l is 1if and only if the i, jth
pixel lies in the vertical stripe, and U}/ is 1 if and
only if the 7, jth pixel lies in the horizontal stripe.
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Figure 2: One rectangle: (@) input and ideal output
images, and (b) horizontal transcoder.

The horizontal transcoder, e.g., which encodes such
messages into ideal images by independently pro-
cessing eachrow of U, isshownin Figure 2b.® Each
transitionislabeled by theinput symbol (pair) which
drives the transition, and by the corresponding out-
put message bit, where 0 is “non-printing” or white,
and 1is“printing” or black. Asfar asthe U ¥ com-
ponent of U is concerned, the two branchesin Fig-
ure 2b are in fact identical.* The top branch, cor-
responding to a row which misses the rectangle, is
followed when the UV component of U is 0. The
bottom branch, corresponding to a row which hits
the rectangle, is followed when the UV component
of U is 1, The transition outputs a 1 if and only if
both input components are 1, which reflects the fact
that the output image X is the intersection of the
input component images U 7 and UY. To summa-
rize, avalid input message U drives both the hori-
zontal and vertical transcodersinto accepting states,
producing an ideal output image equal to a single
black rectangle somewhere on the page. Given a
noisy version Y of such an image, we can apply
DID based on transcoders such as Figure 2b to re-
cover the message U (and hence underlying black
rectangle) that best explains the observed image.

This example can be generalized in a straight-
forward way to the case of, e.g., cellsin arectangu-
lar array, where each cell isitself represented by fur-
ther set of horizontal and vertical transcoders. Ma
trices, or tables, of text or textures can be modeled
in thisway.

3The vertical transcoder is identical, with the input labels
transposed.
4Thisis not the case in general.



4. RESULTS

To illustrate some of our preliminary results, we
discuss another example, namely a checkerboard of
white and black rectangles. The grammar in this
case is similar to the one above, where the input
symbol pairs corresponding to black output pixels
arenow (1,1) and (0,0).

The behavior of the algorithm in the presence
of noise is illustrated in Figure 3. The idea (out-
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Figure 3: Turbo recognition on a checkerboard im-
age. (@) Origina image. (b) Corrupted image. (c)
Decoded image after four iterations. (d) Decoded
image after fiveiterations.

put) image in (a), corrupted by noise with bit-flip
probability 0.2, is givenin (b). After four iterations
(with one horizontal and one vertical pass each) of
the turbo recognition algorithm, the input message
corresponding to the maximum marginal probabil-
ity at each pixel is given in (c) (where O through 3
represent the input symbols (0,0) through (1,1) in
the obvious way). This decoded message is in fact
not a legal input message, a reflection of the fact
that the maximum marginal (MM) message need
not satisfy the grammar. Asin turbo coding, we ex-
pect however that the MM and MAP estimates be-
comeidentical asthe posterior distributionsbecome
more peaked. Indeed, an additional iteration in the
present example produces a perfect reconstruction
(d) of the original input message. We expect further
refinements of the iterative method in the future.

While the examples we have presented are ad-

mittedly quite ssimple, decoding on small low-resolution

images may be sufficient for layout segmentation of
e.g., two-column text layouts. As mentioned previ-
ously, other relevant examples, such as tables, are
also readily envisioned.

5. SUMMARY

We presented a framework, a simple example, and

preliminary results of document image layout anal-

yses using iterative decoding, which we call “turbo

recognition” by anal ogy with the breakthrough chan-
nel coding technique called turbo coding. Prelimi-

nary results indicate that the method can be used to

recognize grammatical images in extreme amounts
of noise. The method appears to be ideally suited

to recognizing images with both horizontal and ver-

tical structure, such as tables, arrays, matrices, and

multicolumn formats.
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