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Pseudo Two-Dimensional
Hidden Markov Models
for Document Recognition

Hidden Markov models (HMM) have become the most popular technique
for automatic speech recognition. Extending this technique to the two­
dimensional domain is a promising approach to solving difficult problems in
optical character recognition (OCR), such as recognizing poorly printed text.
Hidden Markov models are robust for OCR applications due to:
- Theirinherent tolerance to noise and distortion,
- Theirability to segment blurred and connected textinto words and char-

acters as anintegral partofthe recognition process,
- Theirinvariance to size, slant, and othertransformations ofthe basic

characters, and
- The easewith which contextual information and language models can be

incorporated into the recognition algorithms.
We give a brief overview ofOCR algorithms based ontwo-dimensional hid­
denMarkov models, and we present threecase studies thatshow their
remarkable strengths.
Introduction

Duringthe past30years, a variety
ofmethodshave evolved in the field ofopti­
calcharacterrecognition (OCR). The oldest,
template matching, is usedby many com­
mercial OCR machines and software. Other
methodsinclude feature analysis, followed
byclassification usingstatistical classifiers,
and neural networks. Fora recent review of
character-recognition methods, see Govin­
dan et al.1 and Mori et al. 2 Wewill discuss
a newapproach to OCR, basedon two­
dimensional hiddenMarkov models
(HMMS). In OCR, HMMs provide a powerful
toolforpredicting the structureofa badly
degraded image. Abriefoverview ofHMMs is
presentedin Panel 2.

Mostcurrent OCR methods perform
properly only whenworking with clean text.
These methodsfail with text that is blurred
and degraded by noiseandgeometric distor­
tions, as often happens aftera textgoes
through multiple reproductions andfax trans­
missions.v' Documents blurredand severely
contaminated with noise are quitecommon.
Figure 1shows examples ofa document that

seriously challenges presentOCR systems. In
Figure la, the charactersoften touch, andthe
segmentation ofthe text intoindividual char­
acters is difficult, due to blurand noise. In
Figure lb, wesee a clean example ofthe
word "operation" that could easily be recog­
nized bya commercial OCR system. However,
wealsosee an example ofthe word with
severevertical geometric distortion, due to
the irregularity ofthe paperspeedina facsim­
iletransmission, an impairment quitecom­
monin many fax machines. Asnoted, allcom­
mercial, andmostexperimental, OCR systems
fail drastically whenpresented with these
kindsofdistortions.

Two-dimensional hidden Markov
models provide a powerful technique to solve
this problem, sincethey:
- Have inherently high tolerance to distor­

tion andblur.
- Allow the operations ofimage normaliza­

tion, segmentation, andrecognition-steps
traditionally performed independently in
OCR-to be donesimultaneously, which
allows these functions to be optimized
jointly. The result is enhanced robustness.
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Panel 1 • Acronyms and Terms Used In This Paper

10 HMM - One-dimensional hiddenMarkov model
2DHMM - Two-dimensional hiddenMarkov model
HMM - Hidden Markov model. See Panel 2 fora

description.
Normalization - Image normalization refers to the

processofidentifying the transformations that
have affected the imageand their parameters, and
applying the inverse transformations to createa
newimage inwhich a largepartofthe variability
found in typical documents is eliminated. Exam­
plesofcommon transformations are scaling and
slanting.

Observable Markov model-Aset ofmodels that are
used to determinethe probability ofobservable
states,such as whethera systemis running prop­
erly (Good) or not (Bad). See Panel 2 fora
description.

OCR - Optical characterrecognition
PHMM - Pseudotwo-dimensional, or planar, hidden

Markov model
Segmental k-means - Analgorithm that iteratively

improves the parameters ofa set ofHMMs, given
an initial set with coarseapproximations to the
parameters.

Segmentation - Reducing an image to its individual
charactersor other identifiable components.

Recognition - Identifying an image either determin­
istically or statistically.

Viterbi algorithm - An algorithm used to find the
optimal sequenceofstates in a Markov model, to
representa certain image.

In the traditional approach, errors introduced in the
image normalization and segmentation operations
inevitably induce errors in the recognition operation.
These steps will be discussed below.

- Allow transition probabilities among charactersand
contextual information to be incorporated ina natural
andelegantway.

Previous work in the area ofdegraded text
recognition is described by Chou." who discusses two­
dimensional, stochastic (orprobabilistic), context-free
grammars used to recognize equations, and Bose et al. 6,

who discusses one-dimensional (10) HMMs used to

recognize connected anddegraded text. The work pre­
sented in this article is a continuation ofthe work
described byChou and Bose et al.

Pseudo Two-Dimensional Hidden Markov Models
One-dimensional hidden Markov models have

been usedwith great successin speechrecognition fora
numberofyears. 7 One-dimensional (10) HMMs also have
proved to be effective incharacterrecognition. Bose"
describes a connected-text recognition system that suc­
cessfully recognizes extremely degraded words. 10 HMMs
alsohave been used successfully in keyword spotting sys­
terns." The effectiveness of 10 HMMs in these problems
suggested to the authorsthat even greater benefits could
be obtained byextending their flexibility to two dimen­
sions, that is, to determine what an image is byexamining
both its horizontal andvertical characteristics.

Oneobjective ofa character-recognition method
is to representthe shapeofdifferent charactersin the
alphabet with enoughflexibility thatvariations in the
shape-eaused either bythe use ofdifferent typefaces
or sizes, or bydegradations in the document-ean be
captured in the structureused to representthem. Atthe
sametime, the representation should be tolerant to
noise, blur,and printing defects, suchas brokencharac­
ters.These defects often appear in a computer represen­
tation ofan image. Theyresultfrom slightmisadjust­
ments in the threshold ofthe scanner, evenwhen the
original document was clean.

Many ofthese sourcesofvariation canbe ade­
quately captured when the charactershapesare repre­
sented bytwo-dimensional, stochastic, finite-state net­
works known as pseudo two-dimensional or planar hidden
Markov models (PHMM). Theyare two-dimensional gen­
eralizations ofone-dimensional hidden Markov models.

Eachcharacterofthe alphabet is represented by
a PHMM. Thus, to representthe English alphabet, we
would need 52PHMMs (26 for lower case letters, and26
forcapital letters). In addition, wewould need 10more
PHMMs to represent the digits 0-9, plusa PHMM forevery
punctuation markand symbol. Acomplete OCR system
usingHMMs may requireseveral hundred HMMs to repre­
sent allthe possible variations oftext.

The structureofthese 2D HMM networks, and
the way inwhich they representcharacters, is illustrated
in Figure 2.The characterimage to be scanned is
divided into a numberofregions, eachhaving
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Fora hidden Markov model, the stateofthe
system is notdirectly observable. What is instead
observable is somerandom variable, or set ofrandom
variables, whose statistical distribution depends onthe
stateofthe system.

The example ofan observable Markov model,
the weather outside, could be converted to an example
ofa hidden Markov model if the observer was locked
inside a room without windows, andthe only source of
knowledge aboutthe weather condition wasmeasure­
mentsofthe temperature andhumidity takenatregular
intervals. In this case, the observer cannot know
directly the stateofthe system. The best that canbe
doneis to estimate the sequence ofstatesofthe system.
Thisestimate would be basedon the temperature and
humidity measurements, the aPriori knowledge ofthe
transition probabilities ofFigure 11, and, as a starting
point, knowledge ofthe stateofthe weather at the time
the person was locked in the room.

Although the temperature andhumidity do
notuniquely identify the stateofthe weather, theirsta­
tistical distributions depend onit Therefore, the meas­
urements provide someinformation aboutthe possible
statesofthe weather. Using this information, as well as
the knowledge ofthe transition probabilities andthe
initial stateofthe weather, the observer canestimate
the entiresequence ofweather statessince entering
the room.

State1:Rainy
State2: Cloudy
State3:Sunny

In this case, wecanassume, basedon pastexperience,
that the probability ofa certain weather condition
depends only on the weather condition the daybefore.
Figure 11 onpage71 shows a diagram describing this
system. The figure alsoshows possible numerical values
ofthe transition probabilities as labels on the arrows that
represent the transitions. Forexample, according to this
model, the probability ofhaving a sunnydaytomorrow,
given that it is raining today, is 0.3.

Since the stateofthe weather is directly accessi­
bleto the observer, this is an example ofan observable
Markov model.

Panel 2: A BriefOverview of Hidden MarkovModels
Let's consider a system that may, at anytime, be inone
ofa set ofdistinct states. Atregularly spaced, discrete
times the system eitherundergoes a changeofstate,or
remains in the samestate,according to a set ofproba­
bilities associated with the state. Also, let'sassume that
the probability ofbeing in a certain stateat a specific
time (t) depends only on the stateofthe system at the
previous time interval (t-1), indePendent ofanyprior
intervals (t - 2, t - 3,etc.).

Asan example ofsuch a system, let'sconsider a
simple 3-state model ofthe weather. Assume that once
a day the weather is observed as beinginoneofthe fol­
lowing states:

approximately similar horizontal cross-sections. In Fig­
ure 2a, forexample, the firstofthese regions is the space
above the character. The second region is the ascender
ofthe letter"h."The thirdis the horizontal bar, andthe
fourth is the "legs" ofthe "h"below the horizontal bar. In
thisexample, eachregion has a constant horizontal
cross-section. In othercases, there may be somevariabil­
ity ofthe horizontal cross-section from the topto the bot­
tom. Thisvariability should be small, however, or the
region should be subdivided intosmaller regions. The
exact number ofregions required depends on the types
ofcharacters.

Eachregion is represented bya 10 "left-to­
right"? HMM, which models the sequence ofpixel obser­
vations aswescana horizontal section ofthe image.
First, let's look at the horizontal areas singly. In this

example, weare looking at two stateswith our HMM, the
background andforeground regions in the character
image. That is,weare looking foreitherthe existence or
absence ofpixels to recognize the image. Forsimplicity,
let'sassume the image isbinary, that is,justblack and
white. In thiscase, shadesofgraywould be assigned by
the scanneras eitherblack or white states, basedon the
density ofthe pixels andotherfactors. The observations
ineach HMM stateare represented bybinary pixel val­
ues. Forexample, a 1canbe usedto represent a black
(foreground) pixel anda 0 to represent a white (back­
ground) pixel.

Bearinmind, the "h"we are looking at isa clear,
crispimage. Indeed, it is so clean, so perfect an image,
the observations ineachstatewould be deterministic.
That is, the image could be determined bymatching it to
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to the next state. Morespecifically, it can be shown that
the probability ofa transition from state i to the state i +1
is given by: ai.i + 1 = 1/1i where1i is the length inpixels
ofthe segmentthat corresponds to state i.Thus, in Fig­
ure 2b, the probability ofthe states remaining as fore­
ground,or black, is high acrossSegment 3, moderate in

Rgure 2. In (a), a pseudo two-dImensional hidden Markov
model divides the Image, In this case, a clearly recognizable
"h," Into horizontal segments. It then determines the
"state" of each segment. Note that In Segment 1, only one
state, background, was determined. In contrast, In the Seg­
ment 4, flve states were determined, three of background
(White), and two of foreground (black). In (b), the portion of
the Image In Segment 4 has been distorted, and noise has
been Introduced. This Image could be an "h" or, If the dis­
tortion actually represents foreground, It could be a "b" or
stylized "6." The HMM algorithm would evaluate the proba­
bility of the "legs" being either foreground or background by
means of the pixel value, the states In the segments above
and below this segment, and the density of the noise
between the legs.

ope~tiQft

operation
Figure 1. The illustration (a) shows examples of degraded
documents, that Is, blurred and "noisy" text. In (b) we see
a clean example ofthe word "operation." (a) Is an example
of the word with geometric distortion due to faxing, which
would not be recognized by commercial OCR systems.

a stored template, rather than processing it through a
HMM to determine its identity. In this case, the hidden
Markov model would be replaced by an observable Mar­
kov model. 7

But in many cases, where imagesare corrupted
by noiseor other defects, such as in Figure2b, the
observations are stochastic, rather than deterministic,
and must be conjectured by describing them in terms of
their probability distribution. In this figure, the distortion
at the bottom ofthe imagesuggests it couldbe an "h,'
"b,"or evena stylized "6". The HMM would analyze the
foreground and background states to determine the
probability that the distortion at the base of the image
indicates the image is either an "h,' or a "b"or "6." In
this case, the black, or foreground pixels between the
"legs," will be "weighed" by the HMM. This determines if
they are foreground or just noise, and whether the white,
or background pixels distorting the "legs," are back­
groundor foreground pixels. Foreground states typically
emitforeground pixels with high probability, unless the
degradation is extreme, but the probability ofa back­
ground pixel is stillgreater than zero. Similarly, back­
groundstates emit foreground pixels with low, but non­
zero, probability.

The probability ofone state transitioning to
anotherstate is associated with the length ofthe image
segments represented by those states. Long segments
are represented by states with a low probability oftransi­
tion to the next state. Similarly, short segmentsare rep­
resented by states with a high probability oftransitioning
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Figure 3. An alternative two-dImensional hidden Markov
model divides the Image Into both horizontal and vertical
segments. This model provides a moredetailed view of the
states of the Image.

Segments 2 and4,and low in Segment 1.Indeed, the
probability ofthe states remaining as background, or
white, is high acrossSegment 1.

Sofar, wehave employed a 10 HMM to analyze
the individual horizontal segmentsofthe image. Now we
will lookat the vertical structureofthe image. Thisverti­
calstructureis captured by embedding the set of 10
HMMs, which is associated with horizontal movement in
the image, intoanother HMM, which is associated with a
movement from top to bottom in the image. Byanalogy
with left-to-right HMMs, wecould callthis a "top-to­
bottom" HMM. If this top-to-bottom HMM looked only at
the vertical aspectsofthe image, it alsowould be a 10
HMM. However, the observations ofthe top-to-bottom
HMMs are affected by the state transitions in the left-to­
right 10 HMMs. For this reason, this HMM is called a 2D
HMM, and the states ofthis newHMM are called "super­
states," becausethe observations contained in them cor­
respond to complete horizontal sections ofthe image,
and their probability is determined bythe probability of
the associated horizontal 10 HMM. In a way that is
entirely similar to the horizontal HMMs, the transition
probabilities from superstate to superstaterelateto the
heightofthe associated region in the image.
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Looking at Figure 2b again, the top-to-bottom
2D HMM would assigna high probability that the dis­
torted"legs"area ofthe "h" in Segment 1should be fore­
ground, or black. This determination would be basedon
the lengthofthe vertical black (foreground state) in Seg­
ments2-3 on the left, and a lower, but still not-zero proba­
bility, basedon the black (foreground state) in Segment
2 on the right.

Sometimes, it is desirable to allow fortransi­
tionsthat skipstates or superstates. Anexample of
skipping a state is shown in Figure 2.Segment 1is rep­
resentedbyonly one state (0), Segments 2 and3 are
represented byjust three states (0,1,0), andSegment 4
is represented by five states (0,1,0,1,0). These transi­
tionscanbe used to model image defects. For example,
a transition skipping the black state inSegment 2 could
model a break in the ascenderofthe character"h."
Similarly, whencharactersare connected, the white
statesat the edges may be skipped.

The fact that the transitions from state to state,
or superstate to superstate, are stochastic, instead of
deterministic, allows the network to model variations in
the basiccharactershape. These include sizevariations,
various degreesofslant, or the geometric distortions
introduced byfax transmission, as shown in Figure lb.
It is clear, however, that the network ofFigure 2 does
not allow for totally generalconnections among states.
Therefore, noteveryconceivable character distortion
canbe modeled bythese networks. Forthis reason, we
callthem "pseudo two-dimensional," instead offully two­
dimensional, HMMs. Nevertheless, the classofdistor­
tionsthat canbe adequately modeled by PHMMs is large
enoughto coveralmost allcasesofinterestincharacter
recognition.

The relation between a PHMM anda character
image, shown in Figure 2, is not the only one possible.
Analternative, shown in Figure 3, is to divide the image
intoa uniform lattice, and relateto eachcellin the lattice
a state ofthe model. In this case,the probability of
observing a foreground pixel ina given state is associ­
ated with the density offoreground pixels in the corre­
sponding cellofthe image.

Another possible variation is to use horizontal,
instead ofvertical, superstates. This possibility is illus­
trated in Figure4.This structurehas a disadvantage: It
cannotmodel slanttransformations as well as the



Rgure 4. Another altematlve pseudo two-dImensional hidden
Markov model makes It easier to connect to other similar
structures to form models of strings, Instead of Just Isolated
characters. One disadvantage Is that It doesn't model slant
transformations very well.

horizontal structure. However, it is mucheasierto inter­
connect to other similar structuresto form models of
entire strings, instead ofisolated characters. This is impor­
tant inthe problem ofconnected text recognition, which
we discuss in the section, "Connected Text Recognition."

Although inour discussion wehave considered
thepixel values as the only observations in eachstateof
the PHMM, it is possible to use moreelaborate observa­
tions, or "features." The observations canbe seen as the
components ofa multidimensional "feature vector." For
example, other features that canbe used, in addition to

Figure 5. The presence or absence of line segments also
can be used to Identify an Image. Here, an HMM would
determine the presence of a pixel (encoded 1 for yes, 0 for
no), and whether the line segment Is 0°, 45°, goo, or 135°.

the pixel value, are the orientations ofline segments in
the vicinity ofthe given pixel. To reduce the numberof
possible dimensions, or angles, ofthe feature vector,
these orientations canbe quantized into a small number
ofvalues, indicated bysuchangle variations as 0°, 45°,
900

, and 1350
• This is illustrated by Figure 5.Otherpossi­

blefeatures are discussed in Kuo et al.9

R.....ItIon. Recognition is the process ofselect­
ing, from among the many PHMMs available ina library
(typically oneor moreper characterinthe alphabet), the
onethat best represents the analyzed image. Toward this
end, the probabilities ofthe image being generated by
the different models inthe library are evaluated bygiving
themscores, usinga two-dimensional version ofthe
Viterbi algorithm. The algorithm is used tofind an opti­
mal sequence ofstates,given a certain image. After the
scoresofallmodels andthe given image have beencom­
puted, the model with the best score, that is, the highest
probability ofbeingcorrect, is selected. Adetailed
description ofthe two-dimensional Viterbi algorithm can
be found in the references.v-"

So far, wehave notconsidered the problem of
how to obtain the PHMMs that best representa given
characterset.This is usually accomplished by training
the models, usinga set ofimages representative ofthe
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Figure 6. The problem of connected-text recognition can
be solved by building a network that allows for all possible
combinations of characters, each character being repre­
sented by a planar hidden Markov model. The network
allows for arbitrary transitions from character to character.

statistical properties ofthe images that mustbe recog­
nized in the applications. Atraining algorithm frequently
usedis the segmental k-means algorithm. Given a set
ofPHMMs with someinitial values ofparameters, the seg­
mental-k meansalgorithm iteratively refines the parame­
ters until nearly optimal values are obtained. The initial
values ofparameters needed to start the segmental-k
meansiteration are typically computed usingsimple
heuristics. This algorithm, firstapplied with excellent
resultsin speechrecognition, is described inRabiner. 11

r.....sfonn8tlon Inv........ In mostdocument recog­
nition applications, the recognizer mustbe ableto handle
a wide variety ofcharactersizes, as well as slanted or
otherwise transformed characters. The method mostcom­
monly used to dealwith thisvariety calls for normalizing
the image before handing it overto the recognizer. Image
normalization refers to the processofidentifying the trans­
formations that have affected the image andthe parame­
ters ofthe transformations, then applying the inverse
transformations. Characters ofdifferent sizesare treated
as scaled versions ofcertain prototype characters of
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fixed size. Slanted characters are seenas versions of
the prototype characters that have beenaffected bya
"slant transformation," and,similarly, byother pre­
dictable transformations.

Accurate estimation ofthe parameters ofthe
transformation, suchas the scaling factor, slantangle,
etc., is important for the performance ofthe recognizer,
sinceanynormalization errors will degrade the recogni­
tionaccuracy. Ifcharacters canbe segmented reliably
before recognition, it usually is nota problem to esti­
matethe transformation parameters. But, as in the case
ofconnected anddegraded text, this is often notpossi­
ble. In thiscase,there may notbe enough information
to normalize the image before recognition. Even if trans­
formation parameters could be estimated before recogni­
tion, this would be suboptimal. Errors inthe estimation
ofthe transformation parameters would degrade the
recognition performance. Whatis needed is ajoint opti­
mization ofthe normalization, segmentation, andrecog­
nition operations.

In the nextsection, wediscuss how PHMMs allow
segmentation and recognition to be treated as partsofthe
sameoperation. Image normalization also canbe merged
with recognition, reducing opportunities forintroducing
preprocessing errors from which the recognizer cannot
recover. The essenceofthe jointnormalization andrecog­
nition method is to representeachcharacter bya continu­
ous family ofPHMMs, parameterized bythe scaling factor,
slantangle, andother transformation parameters.

Asingle passofthe Viterbi algorithm isenough
to searchovereachoneofthese continuous families,
yielding both the scoreforeachfamily andthe values of
the parameters that maximize the score. Thesevalues
are then used to compute transformation-independent
scoresfor the PHMMs undertest. In this way, estimation
oftransformation parameters, inverse transformation
(normalization), segmentation, andrecognition are all
simultaneously optimized. Accurate estimation ofthe
transformation parameters is a useful byproduct ofthis
process. The values ofthese parameters canbe used
byhigher-level modules inan intelligent document­
recognition system to provide a morecomplete descrip­
tionofthe document structure.

Connected Text Recognition
Oneofthe mostinteresting applications ofPHMMs

is the recognition ofconnected text. Traditionally, string



recognition algorithms first segmentthe image intochar­
acters, and then recognize individual characters. Some
ofthe mostcommon algorithms forsegmentation are
connected-eomponent analysis and projection-profile
cuts. 12.13.14 Whendealing with connected text,segmen­
tation algorithms often fail. The recognizer normally can­
not recover from segmentation errors,which result inan
increased error rate for the whole system.

To copewith this problem, somesystems4•15

iteratethe segmentation and recognition phases. This
allows the segmentation engineto try an alternative seg­
mentation ofthe substrings to which the recognizer
assigns low confidence. Butthis approach is suboptimal.
Invalid segmentation hypotheses should notbe gener­
atedin the firstplace. Bymerging the segmentation and
recognition operations, a PHMM-based recognition sys­
tem eliminates unlikely segmentation hypotheses as
soonas there is enoughinformation to makethempoor
candidates forthe recognizer, andconcentrates only on
the best hypotheses.

The problem ofconnected-text recognition is
similar to the problem ofconnected word recognition in
speech. Thisproblem is solved by searching for the best
path (theonewiththe highest likelihood) ina network
that allows forallthe possible combinations ofphonetic
HMMs. Analogously, for the OCR problem, a network is
builtthat allows forallpossible combinations ofcharac­
ters,with eachcharacterbeingrepresented by a PHMM.
The structureofthis network is illustrated in Figure 6.
Notice that this network is itselfa hidden Markov model;
it allows arbitrary transitions from characterto character.
The transition probabilities among character-level
PHMMs correspond to the transition probabilities among
characters, or probabilities ofbigrams, or pairsofcharac­
ters ofletters, in the English language (oranyother lan­
guage, according to the application).

WhenusingHMMs, segmentation and recogni­
tionare not treatedas two separate operations. Instead,
theyare donesimultaneously ina single Viterbi search.
In this way, the two operations are optimized jointly.
Unlike the traditional approach, which cangenerate
invalid segmentation hypotheses (which mayor may not
be detected laterduringrecognition), the Viterbi search
automatically eliminates unlikely segmentation hypothe­
ses earlyin the searchprocedure. It doesthisbyconcen­
trating onjust those hypotheses that havethe highest
likelihood whenconsidered as complete strings.

INdca•• f.......IIIIftI~....
~ '*Ie Una 1IIIftd ,hike
Ym............k-. ...

(a)

mJ..nt=Jambn'•• """"1L\'IIII!I ,·hIM.....
dHbJtW-t hiand &-. nrie

(b)

Figure 7. In (a), the keyword "node" Is correctly spotted
on this document, which contained, In one test, 2,650 key
words and 16,000 extraneous words. In (b), the keyword
"node" also was successfully spotted In a document that
Included both size and slant transformations of the word.

Inc:orponItlon oreontextuel Infomudlon. The sim­
plestform ofcontextual information thatcanbe incorpo­
rated intothe recognition algorithm is the use oftransi­
tionprobabilities among characters, or probabilities of
bigrams, as wasmentioned in the previous section. This
does not requireanymodification ofthe recognition
algorithm, anddoesnot introduce any penalties incom­
putation speed. All that is needed is to attach the proper
weights to the arcs ofFigure 6,which correspond to
transitions among the different PHMMs representing the
possible images.

Amorepowerful, andalso computationally more
expensive, way to addcontextual information is to use
grammars. In speechrecognition, grammars are used to
reducethe possible numberofsentences that canbe
legally generated, andrecognized, according to the appli­
cation. Theyimpose bothlexical andsyntactic con­
straints. The samecanbe doneincharacter recognition.
In the particular example ofthe section to follow, "City
Names Database," weattempt to recognize words that
are partofa limited lexicon. Useofa dictionary as a post­
processor, to checkthe recognized words andcorrect
errors, is onetraditional approach to exploit this informa­
tionto improve the accuracy ofthe recognizer.
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Table I. Parameters and ranges for training and testing sets.

Training Set Testing Set I Testing Set II Testing Set III

Thld 78 75,78,83 75,78,83 75,78,83
p. 0.05,0.4 0.05,0.1,0.2,0.3,0.4 0.05,0.1,0.2,0.3,0.4 0.05, OJ, 0.2,0.3, 0.4
0. o- 1.9pixels 0- 2.2pixels 0.4- 2.5pixels 0.4- 2.5pixels
Pt 10 10 8, 10, 12, 14 8, 10, 12, 14
Stg 00 00 00 00,200

TestingSets IIand IIIinclude words withdifferent sizesand higherdegradation. TestingSet IIIalsoincludes slantedwords.
- Thld is the thresholdforbinarization ofimages.
- P, is the probability offlipping the value ofa binary pixel.
- (J, is the standarddeviation ofthe 20 Gaussian-blur function.
- Pt is the pointsizeofa printed word.
- Stg is the slantdegreeofa printed word.

However, the use ofa grammarprevents the
errors from beingmadein the first place, and is, there­
fore, an optimal way ofexploiting the lexical constraints.
The strategy ofusinggrammarsto incorporate contex­
tualconstraints, togetherwith the previously discussed
strategies ofjointnormalization, segmentation, and
recognition, allows hard decisions to be avoided until all
the available information has been used.

In addition to linguistic constraints, grammars
could be used to incorporate other forms ofcontextual
information, as well. Fontand size usually remain con­
stantwithin a word, forexample. Theyalsochangerela­
tively infrequently within a document. These constraints
could be easily incorporated usinggrammars, although
this has notbeen donein the experiments reportedin
the nextsection, "Applications."

Otherforms ofcontextual information, such as
semantic and pragmatic context, can be exploited to
enhance the accuracy ofthe recognizer. Nagy'" has an
interesting andentertaining review ofthis subject.

Applications
To assess their effectiveness, the techniques

described in this article havebeen applied to three
case studies, which wewill now discuss.

Keyword spott..... The objective ofkeyword spot­
ting is to find instances ofa selected, and small, groupof
keywords embedded in largevolumes oftext. Although
this objective could be accomplished by recognizing the
entiredocument, and then finding the keywords ina
machine-readable format by usinga texteditor, finding
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keywords directly in the image is moreefficient. More­
over, accuracy canbe muchhigherwhenonly a small
set ofkeywords, rather than an unconstrained text,must
be recognized.

In keyword spotting, PHMMs represententire
words instead ofcharacters. Onemodel is builtforeach
desiredkeyword, andoneadditional model, called the
extraneous word model, is builtrepresenting allnon­
keywords. Discrimination ofkeyword versusnon­
keyword is accomplished bycomparing the scoresofthe
associated keyword and extraneous word PHMM, given
the inputword image. Asimilar modeling strategyhas
been usedwith great successinspeechrecognition. 17

Weassumethat the texthas been scanned,
pagepreprocessing has been performed, and the word
to be recognized has been presentedto our system.
Characters forming the word may be badly degraded
andconnected. The input word is preprocessed bya
nonlinear filter," to reducenoise, while retaining char­
acter sharpnessandconnectivity. Priorknowledge
aboutthe keywords is then used to eliminate unlikely
candidates, basedonword length, ratio ofword length
to height,presenceor absence ofascenders and
descenders, etc.

Thresholds canbe obtained from the training
set, allowing somemargin (±20% in our experiments)
forunexpected variations. Forexample, if the width ofa
keyword in the training set is between 20and30pixels,
then anyinputword with a width smaller than 16pixels
or largerthan 36pixels will be considered as an extrane­
ousword and removed from furtherconsideration. This
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100 keywords + 240 extraneouswords
345keywords + 2,000 extraneouswords
1325 keywords + 8,000 extraneouswords
2650 keywords + 16,000 extraneouswords

Training Set
TestingSet I
TestingSet II
TestingSet III

Table III. Accuracy of 1D and 2D HMMs.

Modeling Technique 10 2D

TestingSet I 97% 99%
TestingSet II 70% 96%
TestingSet III - 94%

procedure reducesthe numberofcandidates to a small
fraction ofthe total.

If the input word passes the prechecking stage,
scoresare calculated, usingthe Viterbi algorithm, for the
keyword model and the extraneous word model. The
input word is considered as a keyword if its score is
higher than the score ofthe extraneous word. Other­
wise, it is not a keyword.

The keyword-spotting systemhas been evalu­
atedon a computer-simulated database. In these experi­
ments, the word "node" is first specified as the keyword.
Then a set ofwordsthat havesimilar shapestructures to
that of"node" are selected from a dictionary and com­
posedontoa page. All ofthese words have successfully
passed the prechecking step ofan algorithm that deter­
mines if each is a possible keyword. Various clean pages
also are formed by usingdifferent point sizesand slanted
versions ofthese words. The test-word database then is
generated by distorting the clean pages. Anexample of

Figure 9. Images of city names Charlotte, Dallas, Cleveland,
Wilmington, Sunnyvale, Minneapolis, and Arlington form a
database with simulated distortion. Recognition of these
highly degraded Images Is enhanced by the use of the gram­
mar In Figure 10.

the database, showing bothdistorted words and slant
and sizetransformations, is shown in Figure 7.

To test the robustness ofthe algorithm, the
rangeofthe parameters in the training set is chosenas a
subset ofthose in the test sets.Table I listsallthe param­
eters and their rangesforallthese sets.Test sets have
been madeincreasingly difficult. The rangesofthe first
two parameters are the sameforallthe test sets. How­
ever, Test Sets IIand IIIinclude words with different
sizesandhigherdegradation. In addition, TestSet III
alsoincludes slanted words. Table II liststhe sizeofeach
set.Table III shows the experimental results.

For the purpose ofcomparison, the resultsofa 10
HMM algorithm are also given inTable III. The false alarm
rates are not listed, sincetheyare small « 1%) inallcases.
Both modeling techniques perform equally well onTest
Set I, and bothcan successfully spotthe keyword in that
page, as indicated in Figure 7. In other words, bothmodel­
ing techniques are robustenough to spotthe keyword
embedded ina poorly printed page, if the normalization
and slantcorrection are not required forthe 10 HMM.

The PHMM performs better than the 10 HMM in
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Morristown

Zurich

Figure 10. The gram­
mar used In the city
names experiment.
For clarity, only a few
nodes are shown.
(a) shows a simple
grammar, and
(b) shows a grammar
obtained by the
minimization of (a).

(a)

(b)

terms ofthe sizeand slantindependence. If the dataset
contains words with different sizes, as inTest Set II, then
sizenormalization has to be addedto the 10 HMM
approach. This results indistortion ofthe original data
and deteriorates performance-only 7C1X:J as indicated in
TableIII. However, the PHMM performs at a 96% accuracy
rate on the sametest set. In case the dataset alsocontains
slanted words, as inTest Set III, then muchworseperfor­
mance canbe expected ofthe 10 HMM. This is a resultof
the slantcorrection step beingaddedto the approach,
although it has notbeen evaluated in our experiment.

On the other hand,sizenormalization and slant
correction are not requiredfor the PHMM approach,
because it posessesthe "elastic matching" property in
both horizontal andvertical directions. Performance
remains roughly the sameforallthree test sets.The slight
difference ofperformance amongsets is simply due to the
fact that the morevariation the set has, the less accurately
the systemcanperform. The performance ofthe algo­
rithmonTest Sets II and IIIcan easily be improved by
including these extravariations in the training set.
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Figure 7bshows an interesting page inwhich words are
formed by three different sizesandtwo different fonts,
roman and italic (different inslant). The PHMM approach
can recognize the keywords embedded in that page, as
indicated byblackwindows in the figure.

Reed.", Commercial OCR Rejects. Our nextexperi­
ment involved characterrecognition on a stringofchar­
acters that wererejected bya commercial OCR machine
with 99.5% accuracy. This machine is used ina high­
volume application. The 0.5% rejects, although a small
fraction ofthe total numberofcharacters processed, still
representa largenumberofcharactersthat mustbe cor­
rectedbya human operator. Using analternative algo­
rithmto recognize at leastpartofthese rejects will
significantly reducethe needformanual intervention and
will, therefore, reducecost.

The stringsofimages rejected bythe commer­
cialOCR machine wererandom. Theycamefrom many
fields in the document-some ofthem numerical, others
alphanumerical-so that theywerecompletely unstruc­
tured. For this reason, nocontextual information was
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Figure 11. Using this hidden Markov model, a person In a
windowless room could estimate the weather conditions
outside, using the transition probabilities of this model, the
temperature and humidity conditions outside the room, and
the state of the weather when the person first entered
the room.

directly available to constrain, or helpfocus, the search
in these experiments. However, this contextual informa­
tion is usually available in mostapplications, andcanbe
incorporated intothe search algorithm, forexample, by
usinggrammars.

Figure 8 shows sometypical images in this data­
base.The main challenges inobtaining highaccuracy on
this database are the low resolution and poorquality of
the images, the fact that there is a mixture ofdifferent
fonts and sizesand,as mentioned, the absence ofcontex­
tual information. Weused 6,126 imagesinour experi­
ment; halfwereused for training and the rest fortesting.
The resultsofour test on the database ofrejects by the
commercial OCRs was98.76% forcharacteraccuracy, and
96.13% forstringaccuracy.

If this level ofaccuracy could be maintained in
the field, the compounded error rate ofthe combination
ofthe commercial OCR machine with the PHMM algo­
rithmwould be reduced to 0.0062%, or one error in
16,000 characters. This is almost two orders of

magnitude better than the currentstateofthe art.
This excellent resultcould be improved even fur­

ther by use ofcontextual information. Alargefraction of
the residual errors reported are substitutions caused by
highly confusable pairs, such as 0 and O. If these errors
could be corrected bycontext, the accuracy would
improve to morethan 99.5%, and the compounded error
rate would fall below oneerror in 40,000 characters.

City Name. Database
The database described in the previous section

testedour algorithm inan interesting "realworld" appli­
cation. Butit didnot exercise to the fullest one ofthe
main strengths ofPHMMs-which is the capability to rec­
ognize highly connected text.For this reason, wecreated
a simulated database ofmorethan 20,000 blurredand
noisy instances of205 citynames. Half ofthe images
wereused for training, and the rest fortesting. These
images weredistorted to closely resemble the effects of
multiple reproductions and/or fax transmissions. Some
ofthe images weredifficult to recognize, even fora
human observer, as shown in Figure 9.

Recognition accuracy canbe significantly
improved, in this application, byusinga grammarto
constrain the search space. The grammar forces the rec­
ognized stringto be oneofthe 205 citynames. Figure 10
shows two examples ofgrammars used in this experi­
ment. Figure lOa simply createsword-level models for
the legal citynamesbyconcatenating character-level
models, that is, segmentsofwords.

Useofthis grammarmakes this experiment
equivalent to a keyword spotting experiment with 205
keywords, exceptforthe fact that an extraneous word
model is notused here.The grammar ofFigure lOb is
obtained from the firstby minimization, using a standard
finite-state network minimization algorithm. 18This form
ofthe grammarsavessomecomputation bysharingarcs
that are common to morethanone cityname.

The resultswere that,with a noise probability of
0.15 and0.20, 100% ofboth the characters andstrings
wererecognized. Whenthe noise probability was
increased to 0.25, characterrecognition was 99.65%, and
stringrecognition was99.62%. Oneshould notethat, in
the absence ofa grammar, the stringaccuracy would typ­
ically be significantly lower than the characteraccuracy.
However, as a resultofthe use ofa grammar, the two
percentage values are verysimilar.
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Conclusions
Asa resultoftheir ability to combine normaliza­

tion, segmentation, andrecognition, hidden Markov
models excel in recognizing connected anddegraded
text. The three casestudiespresented in this article
demonstrate the potential for this application. Additional
work is needed to assess their applicability to the recog­
nition ofhandprinted textandto scriptrecognition. Fur­
ther work is alsoneededto establish the feasibility of
special purpose hardware architectures that efficiently
canhandle the high computational demands ofthese
algorithms.
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