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Methodsfor detectingand extractingwholetext lines from unconstraine@nline handwritten
text aredescribed. The generalapproachs a “bottom-up” clusteringof discretestrokesinto

smallgroupsthatarethenmergedinto isolatedlines of text. Initial clusteringof strokesinto

groupsis basedbn combinedtemporalandspatialstrokeproximity. Spatialstrokeproximity

is gaugedrelative to estimatednter-line distanceand meancharacteteight. Two methods
applicableto off-line or on-line data are describedfor estimatingthe inter-line distance:
autocorrelatior(self-convolution)of the Y-axis projectionhistogram,anda fitting function.

Inter-line distanceis accuratelydeterminedfor 99% of all text pages. Text line extraction
accuracy on letters (correspondence) is 98.7% and on tables is 94.9%.

1 Introduction

One of the first steps often required in applying machine recognition to

unconstrainechandwritingis the identification and extractionof eachline of text

from amongotherlines. The purposeof text line extractionis to preparedatato

meetthe requirementf succeedingprocessingstepssuch as size normalization,
word segmentationor featureextraction. Thesestepstypically requirethe datato

be no more than a single row of charactersThe goal of text line extractionis to

assigncorrectly eachstroke or componentto its appropriatetext line so that each
isolatedline maybe passedn turnto the following analysisstage. Thetaskis made
difficult by the fact that data frequently contain undulationsand shifts in the

baseline baselineskew, baseline-skewariability, character-sizevariability, sparse
data,skippedlines andinter-line distancevariability. Severalof theseissueshave
beenaddresseth muchof therecentwork focusedon text line extractionfor offline

data [2,4,8].

Our interest has beenin the area of recognition of unconstrainedonline
handwriting,particularlyin supportof personaldigital notepad(PDN) devices,the
IBM Ink Manager™ application, and the IBM Ink Software DevelopmentKit
(SDK) [11]. A PDN is a portable digitizer-and-pendevice that electronically
recordsthe penstrokeswhile the userwrites on a standarcdpapernotepad. Eachink
strokeis recordedasa sequenc®f (X, Y) pointsindexedin time. The primaryrole
for the IBM unconstrainedonline handwritingrecognize5,9,10]in this contextis
delayedrecognitionof this dynamicallyrecordeddatafor keyword and note-taking
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the result using an error count of 1 for eachof the following operations:word
deletion, word replacement, word insertion, text line deletion.
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Figure 5. Histogramdistribution of 436 correctly estimatednter-line distanceestimateqone correct
estimate of 17.4mm for a completely double-spaced Table page is excluded).

Table 1. Breakdown of data and errors attributable to text line clustering on Letter and Table data sets
at the page, text line, and word level. Error rates are given as percentage of total.

Pages Text Lines Words
Lines Lines
Total | Flawed | Total | Merged | Split Total Error

Letters | 114 16 1608 | 6 15 10090 | 42
14% 0.4% 0.9% 0.4%

Tables | 327 118 5291 | 39 231 16121 | 373
36% 0.7% 4.4% 2.3%

4 Discussion and Future Developments

The overall performanceof the systemmeetsmostexpectationgTable1; Figure6),

however,severalproblemswere observed. Significant skewwas found in several
instances.As seenin Figure7b, amere2° line skewcanshift wordsat eitherendof

atextline by oneinter-line spaceyesultingin significanttextline splitting. Despite
the useof lined paper,undulatetextandsomewhatrregularline spacingis observed
(Figure 7c); some of these irregularities apparently occurred when the paper
occasionallyshiftedonthe PDN. Thiswasespeciallytrue whenwriters enteredists

into tablesor appendeddatesto the top of a block of text. Reliable inter-line
distanceestimatesvere madedespiteskew and shift problems;however,text line

extraction performance occasionally degraded.
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The applicationof spatiotemporalnformationis clearly advantageougor the
accurate partitioning of dots, short strokes, delayed strokediagritical marksthat
aretemporallyboundedby otherstrokesin their own text line (Figure6). Many of
the errorsthatwere observedccurredwhenthe misassignedgtrokewastemporally
at the beginningor end of a text line and the spatiotemporalinformation was
ambiguous. This frequentlyoccurredwith shortstrokeslandinghigh aboveor well
belowthebaselinegspeciallyat the startor endof a text line, aswith the commain
phrasessuch as Dear Tom, or Best regards,. In Figure 7d, for example,four
commaswere insertedafter four city nameswere written, resultingin a line split.
Similar errorswere more commonin the Tables,where spatiotemporallyadjacent
strokeswere sparseas with the numbersin the right-mostcolumn of Figure 4, or
where there were significant gaps between table entries in different columns.

Although severalof the errors occurredwith visually ambiguousdata, there
appearsto be room for significantimprovement. Skew detectionand correction
shouldbe considered. Reliable inter-line distanceestimatescan be usedto place
upperboundson the numberof lines possible gnablingthe detectionandcorrection
of gross splitting errors (Figures 7b, 7c¢). In addition, by replacing the many
programmatically-tunedheuristicsinvolved in the clustering processwith a more
probabilisticapproachbasedon training data,the bottom-upclusteringassignments
shouldimprove. The applicationof generalizedprojections[6] and local extrema
points [4,8] hold promisefor improved characterheight estimationand baseline
estimation; these improved or added features could likely be applied to advantage.
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Figure 6. Extractionresultsfor pagewith appreciablyoverlappingtext lines. Extractedtext lines are
shown alternately with normal and bold points from top; each of 20 lines was correctly extracted.
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Figure 7. Four resultswith extractedtext lines denotedby alternatingnormal and bold points (with
numbersin b, ¢) from top: (a) mainly double-spacedp) 2° baselineskew, (c) undulatingbaselineand
(d) delayed comma insertion. Lines found / actual lin@s1%/15 p) 19/10 €) 26/18 ¢l) 26/25.
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