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Abstract

In this paperwedescribea new binarisationmethodde-
signedspeci cally for OCRof low quality camen images:
Badkground SurfaceThresholdingor BST This methodis
robustto lighting variationsand producesmageswith very
little noiseand consistentstroke width. BST computesa
"surface” of badkground intensitiesat every point in the
image andperformsadaptivethresholdingbasedonthisre-
sult. Thesurfaceis estimatedy identifyingregionsof low-
resolutiontext andinterpolatingneighbouringbadkground
intensitiesinto theseregions. The nal thresholdis a com-
bination of this surfaceand a global offset. Accoiding to
our evaluationBST producesconsideably fewer OCRer-
rors than Nibladk's local average methodwhile also being
more runtimeef cient.

1. Intr oduction

Our researchhas beenmotivated by the corvenience
of usingdigital video camerasas opposedo corventional
scanningdevices. Camerasoccupy little spaceon a users
desk, provide excellent feedbackfor alignment, capture
instantly and allow documentsto be scannedface up.
However, since camerasacquireimagesunderless con-
strainedconditionsthan devices speci cally designedfor
high-quality documentcapture,they canintroduceserere
imagevariationsanddegradationsThis malesit especially
hardto obtainreliable OCR resultfrom theseimages.

Henceour aim wasto designa binarisationalgorithm
speci cally for OCR of cameraimages. In orderto yield
acceptablerrorratesn conjunctionwith off-the-shelfOCR
software, this methodmust performwell in the presence
of degradationssuchaslow-resolution lighting variations,
blur, noiseandcompressiomartefacts.Speci cally, it should
work robustly with imagesat aresolutionof 120-140dpi in
ary lighting conditionand with a minimal computational
overhead.In engineeringour methodwe thereforedecided

to measureand designfor two criteria which are directly
relatedo theusabilityof ourcamerascanningystem:OCR
errorratesandruntimeef ciency.

We have found that global thresholdingmethodstypi-
cally designedor imagesacquiredon atbed scannersre
unsuitablefor cameraimages[3,4,8], mainly dueto the
presenceof lighting variationsand blur. Although local
adaptve algorithmsyield considerabhbetterresults[6],we
have found that local averagemethodssuchas Niblack's
method[2], which is often quotedasone of the bestadap-
tive algorithms tendto breakdown in the presencef large
homogeneouareasandhencerequirepost-processinfy/].
Yanaowitz and Brucksteins method[9], which has been
shawn [6] to performalmostaswell asNiblack's method,
derivesa thresholdsurfaceby extractingandinterpolating
from areasidenti ed ascharacteboundaries.However, it
alsorequiresa postprocessingtepandis not particularly
runtime ef cient dueto its iterative interpolationscheme.
Furthermorethis methodresultsin "noisy” thresholdval-
uessincepixelslying on characteboundariehave particu-
larly variablegrey values[5].

This paperpresentsa simple but novel adaptve thresh-
old algorithm that achieves considerablybetter OCR per
formancehanNiblack's method while beingmoreruntime
efcient. This methodis calledbackgroundsurfacethresh-
olding or BST. As the namesuggeststhis algorithmdeter
minesthebackgroundntensityateverypixel in orderto de-
riveasuitablethresholdsurface.In thefollowing sectiorwe
presentan overview of BST. We thengive a moredetailed
descriptionof the algorithm,and nally presenthe results
of acomparisorbetweerBST andNiblack's method.

2.BST Method

BST can conceptuallybe divided into the following
parts:

Labellingof text areasat low-resolution
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Figure 1. Outline of the BST algorithm

Estimationof backgroundntensityin text areasuy in-
terpolation

Performingthresholdingat the backgroundplus some
offset.

Theinitial sgmentatiorbetweerfore- andbackgrounde-

liesontheassumptiorthatpagelluminationis slowly vary-

ing. More speci cally, that the scaleof backgroundvaria-
tionsis largerthanthat of foregroundvariations,i.e. tran-
sitions suchas characteredges. This is mostly obsened
in practice: the varianceof grey levelsin a small neigh-
bourhoodof pixelsis largerin areascontainingtext, than
in backgroundegions. Henceusinga measuref variance
and a suitablethresholdfor this, our algorithmis ableto

distinguishbetweerfore- andbackground.

In thenext stagethebackgroundn areasontainingtext
is estimatedoy a linear interpolationof surroundingoack-
groundintensities. To obtain goodresults,it is important
to avoid lling foregroundregionswith incorrectlylabelled
backgroundHenceour priority wasto conseratively label
blocksasforegroundevenif they containlittle or no text,
sincegiven the natureof the slowly varying illumination,
backgroundstimationis muchmorerobustto mislabelling
of thiskind.

The imageis binarisedin a third stage. Pixels are la-
belledasfore- or backgroundyivenathresholdwhichis the
sumof thebackgroundurfaceandaglobaloffset. This off-
setis proportionalto the averagedistancebetweerthefore-
andbackgroundsurface.

Figure 1 outlinesthe main computationaktepsof BST.
Examplef intermediateesultsareshovn in gure 2.

2.1 TextLabelling at Low Resolution
Basedntheassumptiorthatpixelsin awindow contain-

ing text have ahighervariancehanbackgroundegions,we
have designeda variancetestto label pixelsasforeground.

Wecomputeamean, , andvariance, image,
asshavn in gure 2, usingadjacent by pixel blocks
(where ). An assumptiorhereis that is larger

that the characterstroke width, sincewe cannotexpecta
highervariancein homogeneousoregroundregions, than

c d

Figure 2. Intermediate results: (a) block aver-
age; (b) block variance (high variance shown
by bright areas); (c) block average with high
variance areas removed; (d) missing areas in-
terpolated to yield a contin uous background
estimate . Original input: 640 480; size after
pre-processing: 1440 1920; size of interme-
diate results: 131 175

in backgroundareas.On the otherhand,if the block width
is too large spacedetweentext lines may not be detected
correctly or backgroundegionswith rapid lighting varia-
tionsmaybe classi ed asforeground.For 12 pt text at 120
dpi, goodresultsare obtainedfor block sizesof between?
and19, andresultsaregivenherefor

Areasof text areinitially identi ed by thresholdingthe
varianceimageat the local averagevariance,
computedisingan by window of blockvarlanceswhere

. We have found this methodto be more robust

thanattemptingo detectext regionsfrom averagantensity
information.

At this stagewe also estimatea global measureof the
variancedueto noisein backgroundegions. This stepis
crucialin makingthe methodrobustto imagesacquiredun-
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Figure 3. ldealised histogram of a camera im-
age of text

der differentconditionsof lighting, contrast,cameranoise
andblur. Usinganinitial guessof , were ne
the backgroundvariancein a rst passusingthe following
variancethresholdsurface:

1)

where yieldsthebestOCRresultsaccordingo our
experiments,and the methodremainsrobust in the range
By averagingthe varianceof all pixels

for which , we obtain a re ned esti-
mateof . In asecondpassusingequationl andthe
updated , we "remove” foreground pixels from the

block-averagemage, ,asshovnin gure 2c.

2.2 Inter polation

Thebackgroundntensityfor the“removed” pixelsis es-
timated by interpolatingfrom neighbouringpixels. This
yieldsa continuousbackgroundsurface, , asshavn
in gure 2d. For efciency we performa 1-D linearinter-
polate betweenthe closesttwo neighbouringpoints along
rows andcolumnsseparatehandcombinethe resultslater.
In casesvheremissingpointsarenot situatedoetweertwo
known backgroundvalues,the interpolateis setequalto
the nearesbackgroundsalue. Row andcolumnresultsare
combinedby selectingvaluesfrom the most accuratein-
terpolate. This accurayg is measuredisingthe distancein
pixels betweerthe closestknow backgroundralueandthe
positionof the interpolatedpixel. For eachpixel we select
the interpolatethat minimisesthis distance.The combined
resultsarethensmoothedby usinga box blur of size5 to
reduceartefactscreatedduringinterpolationandthenbilin-
earlyupsampledy afactorof to matchtheresolu-
tion of the originalimage.

2.3 Thresholding
In a nal stepwe thresholdthe original grey level im-

age, . Figure3 illustratesanidealisechistograntyp-
ical of a cameraimage of text in the absenceof lighting

variations.Usually, it is not bimodalfor resolutionshelow
200dpi, eventhoughbimodalityis assumedby mary global
thresholdingmethodq4]. Thebestchoiceof thresholds a
tradeof of thefollowing risks:

Split character#f thethresholds toolow

Merged charactersand noiseif the thresholdis too
high.

Typically we nd that OCR enginessuchas ScanSoft
TextBridge aremostsensitve to split characterandback-
groundnoise.Henceasshovn by gure 3, thebestchoice
of thresholds somevherejust belov the backgroundpeak.
In typical cameraimagesof documentsmostof the light-
ing variationexperienceds of a diffusenature,andhence
obsenedpixel values mightbedescribedasaproductbe-
tweenan incidentilluminant  and a suitably normalised
“underlying” image , with additive sensomnoise

(@)

This formula suggestghat the thresholdbe selectedas
somemultiple of the backgroundsurface. However, our
experienceis thatthresholdingat an offset from the back-
groundgives better performancen practice. This might
be becausehe thresholdis largely in uenced by the noise

whosevariancedoesnot changemuch with the illumi-
nant.Useof anoffsetalsoappearsnorerobustin situations
wherean unknovn gammacorrectionhasbeenappliedto
theimageby a camera.

The thresholdsurfaceis a weightedsum of the previ-
ously determinedbackground, anda global offset,

, Whichis theaveragedistancebetweertheforegroundand
background:

(3)

where

Thethresholdsurfaceis thengivenby:
4)

Thefactor , determineghethicknessof charactestrokes
and thus also the amountby which charactersare either
mergedor split. We presentresultsfor , and nd
thattheseresultsremainstablein therange

3. Pre-processing

We have beenableto dramaticallyimprove OCRresults
by pre-processingmagesbeforebinarisation[5]. Images
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Figure 4. Quality impr ovement of text images
gained by pre-processing (a) original image
(b) BST without pre-processing (c) BST after
pre-pr ocessing

aredeblurredusinga simplesharpeningr high frequeny
boost Iter [1] and upsampledbicubically by a factor of
three. This enhanceshe high frequenciesandallows what
we call binarysupetresolution5]: tradingof grey scalein-
tensityresolutionfor spatialresolution.Figure4 illustrates
theadwantagegainedfrom this typeof pre-processing.

4. Results

We have comparedthe performanceof BST with
Niblack's local averagethresholdingmethod [2]. The
Niblack methodoperateson the following thresholdsur
face:

()

where and arethelocalmeanandvariance
respectiely computedisinga moving window of size .

A previouscomparisorof binarisatiormethodsby Trier
andJain[6] concludedthat Niblack is the bestperformer
whenthegoalis characterecognition.However, asshavn
in gure 5, we found that Niblack producesnoisy results
whenusedwith the recommendeavindow size of
( for our 3x up-sampledmages)andinconsistent
stroke width whenusedwith largerwindows, causingsome
characterso merge andothersto split. More importantly,
an evaluationof OCR performanceshaws that Niblack bi-
narisedmagesproducesigni cantly highercharacteerror
rates.We have alsofoundthattheruntimeof anef cient im-
plementatiorof Niblack is roughly twice thatof BST. The
runtime excluding pre-processingn a 700MHz PCis 0.5

a b
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Figure 5. BST vs. Niblack (a) Original grey
level image of 12 pt Times New Roman at 120
dpi; (b) Niblack w=45, k=-0.4; (c) w=200, k=-1;
(d) BST

seconddor BSTv.s. 1.25seconddor Niblack, whenbina-
risingal440 1920image.Pre-processin(B upsampling
andsharpeningf a 640 480image)canbe completedn
0.5seconds.

We comparedhe OCRperformancef BST andNiblack
usingl7 imagesof A6 portionsof magazinearticles,news-
paperarticlesandof ce documentswith 10-12pt text ac-
quiredwith a Philips VestaProvideo-conferencingamera
at 110-130dpi. ScanSoftTextBridge was employed for
OCR and the charactererror rateswere computedas the
Levenstein(stringedit) distancebetweerthe outputandthe
manuallyderivedgroundtruth.

To achieve a fair comparisonwe ne-tuned the perfor
manceof Niblack's methodby choosingparameters and

andtheparametersf our pre-processingtepto minimise
theaverageOCR errorrate. As shovn in gure 6, Niblack
performssigni cantly betterwith alargewindow andin the
bestcaseachievesan averagecharactererror rate of 3.1%
comparedo 2.3%for BST. The error ratesobsenedwere
highly variablefrom imageto image hencethe signi cance
of theaverageerrorrateis questionabléere.Indeed jn two
caseghe Niblack methodproducedmorethan10%errors.
Nonetheles$or all but oneof theimagestheerrorratefor
BST waslessthanthatfor the Niblack method.

Error rateswith Niblack were especiallyhigh for small
windows ( ) due to the large amountof noise
in backgroundregions. For larger windows ( )
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Figure 6. Character error rates achieved with
Niblack's method for diff erent windo w sizes
w, and variance gains k. Best performance:
3.1% for w=800, k=-1

the noiseis reduced,but Niblack becomedessrobust to
lighting variations,sinceit then effectively behaeslike a
globalthresholdandalsolessrobustto largechangesén the
amountof foregroundin thewindow.

5. Conclusion

OurcomparisorsuggesthatBST performsbetterbinari-
sationof camerdmagedor OCRthanNiblack'smethod.In
addition,the BST implementatiorcanbe moreruntimeef-
cient. We feelthatthe poor OCR performancef Niblack
is in particulardueto noisy backgroundegions produced
when using small windows and inconsistentstroke width
whenusing larger windows. SinceBST usesa threshold
thatis globally offsetfrom the backgroundit is muchless
susceptibleo misclassi cationof large homogeneouse-
gions. Also, sincethresholdlevelsin BST are not locally
relatedto neighbouringeaturedt producesharactersvith
moreconsistenstroke width.
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