RELATIONAL SKELETONSFOR RETRIEVAL IN PATENT DRAWINGS
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ABSTRACT

This paperpresentsthe evaluation of a numberof algo-

rithm alternatve for contentbasedretrieval from a data-
baseof technicaldravings representingatents. The ob-

jective is to help patentevaluatorin their questfor a possi-
ble patentbearingtoo muchsimilarity with the oneunder
investigation. To achiee this, we have devised a system
whereimages(drawings) are representedising attributed
graphsbasedon the extractedline-patternsor histograms
of attributescomputedrom the graphs.Retrieval is either
performedusing histogramcomparisor{6] or thanksto a

graphsimilarity measurg9]. Promisingresultsare pre-

sentedalongwith possiblework extention.

1. INTRODUCTION

The topic of recognitionof objectsfrom large libraries of
imageshasattractednuchinterestover the pastdecaddl,
2, 3, 4]. Most of the literaturehasfocussedon usinglow-
level imagecharacteristicsuchascolor [1], texture[5] or
local featureorientation[3] for the purpose®f recognition.
Oneof the mostefcient waysto realizerecognitionis to
encodethe distribution of image characteristicsn a his-
togram[1, 6]. Recognitionis achiezed by comparingthe
histogranfor thequeryandthosefor theimagesresidingin
thelibrary.

Therehasbeenverylimited work aimedtowardstheuse
of content-basedetrieval techniquedfor solving real life
problems.Indeed mostof the papersn the eld to dateare
concernedvith indexing homephotoalbums. The problem
of nding relevanttechnicaldraving hascausedimited in-
terestto theresearcttommunity[7, 8]. An areawherethe
visualsearchof line drawingsis critical is theveri cation of
the originality of aninvention. Most patentsaredescribed
in detailsto the patentof ce with the help of technicalor
engineeringlrawings. It would be a greatasseto suchan
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organizationto be ableto querythe patentdatabasen the
basisof visualcues.

The study presentedn this paperis aimedat evaluat-
ing the feasibility of sucha taskbasedon the methodsfor
graph—and histogram-baseimage retrieval describedin
the work of Huetand Hancock[9, 6]. The goalis thusto
nd similar patents on thebasisof similarimages

We will startwith anoverall presentatiomf thesystem.
Section3 explain our choiceof line extraction algorithm.
We then describethe data-base&' constructionalong with
the retrieval algorithms(Section4). Section5 comments
the resultsobtainedwith our method. We then conclude
andproposduturework.

2. OVERVIEW OF THE SYSTEM

The systemfor contentbasedimageretrieval is basically
dividedinto four parts,asdescribedelow:

1. Pre-Procesing (optional): Here,imagesnaybesplit-
tedin anumberof smalleronessuchthateachimage
containsa single object prior to further processing.
This stagemay be omitted.

2. Line Extraction: This stageextractsthe linesfrom
the, eventually pre-processediitmapimage. Thisis
in itselfamulti-stageprocessWe evaluatedhreeline
extractionschemesthe Canry edgedetector a thin-
ning algorithm and Voronoi—Skeletosimplementa-
tion. Oncelinearfeatureshave beenextracteda poly-
gonizationprocedurds performedto obtaintheline
segments.

3. Data-baseconstruction: This stagecreateshedata-
baseon which retrieval is to be performed.The two
retrieval algorithmoperateon differentrepresentation
of theimages:

Graph Construction:The setof linesis transformed
in a 6-nearest-neighbagraphand Euclideaninvari-
antattributesarecomputecn theedgesof thegraph.



HistogramConstruction:Thegraphattributesareen-
teredinto atwo dimensionahistogramgor rapidim-
agecomparison.

4. Data-baseQuerying: The comparisorbetweerthe
imagestakesplace. This is performedusing one of
thefollowing methods:

GraphbasedRetrieval: The queryandimagegraphs
are comparedusing a variantof the Hausdorf dis-
tance[9]. This allows to retrieves the mostsimilar
imagesrom the setof graphs.
HistogrambasedRetrieval: Therelationahistograms
of the queryimageis comparedwith all thosefrom
thedata-basesingtheBhattacharyyaorrelatiormea-
sure[6].

Having brie y presentedhe different processingstepsof
thesystemwewill now providedmoredetailednformation.

3. LINE EXTRACTION

Thealgorithmdfor indexing thedata-basarebasednline-
segmentpair attributes. The bitmap-image$ave to becon-
vertedto a line representationAmongthe major problems
facedhere,thefact thata “line” in the drawvings canhave
arbitrarythicknessjs themostimportant.

Ideally, we would like to selectthe linesthatrepresent
“important” propertieof theimageonly. Unfortunatelythe
de nition of “important” is highly non—trivial. Addition-
ally thereis no uniqueline representationf animage. For
thesetwo reasongll linesaretakeninto account.Thus,the
retrieval algorithmshave to copewith a (potentiallylarge)
numberof “noisy” lines, thatdon't represenimportantim-
agefeatures.

Initially, we experimentedvith standardedgedetection
algorithmslike the canry edgedetector(see[10]). How-
everit is clearthatedgedetectorarenotwell suitedfor this
type of imageasthey detecttwo edgesperlines. Theuse
of aline operatoiis a possiblesolutionto this problem[11].
However, adifferentmaskis requiredfor variousline width
which is not very satisfactory Thus, we have decidedto
usea skeletonizatioralgorithmto normalizetheline repre-
sentationsn our images. The skeleton(or medialaxis) of
anobjectis usuallyde ned usinggrassre analogy:when
agrassre is lit on all sidesof the objectsimultaneously
theskeletoris representetly thelineswheretwo res meet
andextinguishthemseles.

Weexperimentedvith boththinningalgorithmsandvoronoi

skeletonsaasdescribedn [12]. The main problemof thin-
ning algorithmsis, thatthey do not guaranteghatin all
casesthe resultwill be the medial axis of the shapeun-
der consideration For this reasonwe optedfor the useof
voronoi-skeletorand usedthe programdevelopedby Og-
niewicz [12].

Thepolygonizatiortransformghelists of connectegbix-
els that constitutethe skeletonsinto line-sgments. The
methodconsistin tting aline betweerthe rst andthelast
pointof the pixel-list. Computethe maximalperpendicular
distanceof betweencurve andline points. If the maximal
distances sufciently largeandtheresultingtwo sub-lines
aresufciently long,theline is split. Thealgorithmis called
recursvely for eachof thesub—linecreated.

4. DATA-BASE CONSTRUCTION AND RETRIEVAL

Weareinterestedn representingnagesusingline-sgments.
Raw informationaboutlines (eg. length, orientation)are
sensitve to transformationf the images,like rotations,
translationsscaling. In orderto makethe representation
invarianttheinformationthatis keptabouteachline is how
it canbedescribedn relationto anothetine. Our vectorof

Fig. 1. De nition of the pairwiseattributes

attributesis composedf two parts: the relative angleand
therelative positionof thetwo lines. Therelative angleis
computedasfollows
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wherez,;, indicateshevectorline from ato b.
Thedirectedrelative position?,,, ..., is de ned asthe
normalizedengthratiobetweeriheorientedbaselinevector
x4, andthe vector z;; joining the end (b) of the baseline
seggment(ab) to theintersectiorof the segmentpair (¢d).
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In anattemptto reducethe numberof attributesrepre-
sentinganimageandto increasehein uence of local vi-
sualinformationa n-nearesheighborgraphis constructed
from theline-sgmentset[9]. Nodesin thegraphrepresent
lines and edgesthe n closestlines (The distancebetween
two linesis the Euclideardistanceof theline centers).The
attributesrelatedto a pair of line-segmentsarekepton the
directededgewhich connectshemsuchthatevery edgeis
attributedwith avectorvgyj) = (0,5, V4,5 of pairwise



attributes. We canthusrepresenbur imageby a 3—tuple
G = (V,E,A), E C V x V whereV indicatesthe
setof nodes;Z representshe edgesof the graph. Finally,
thesetA = {'U(Cl?,j)yv(cij) = ((")(17‘7), 19(27‘])), (Z,_]) S E} de-
notesthe setof pairwiseattribute—\ectorsattachedo the
edgesf the graph. For the discussiorbelaw, we introduce
alsoC® = 1j|(i, ) € EQ} which denotesall the edges
departingfrom a givennode: in agraph@. In thefollow-
ing discussiorwe will assumego matcha “query—graph”
G9 = (V9,E?, A9) againsta graphfrom the database
GP = (VP EP AP).

4.1. Histogram-basedRetrieval

The ideaunderpinninghe histogram-basedelectionis to
constructinhistogranfrom therelative attributes.Although
it is possibleto includethe attributesof all possibleedges
V x V, weonly usetheonesfrom the NN—graphdescribed
above. Theseattributesdescribethe local environmentof
eachline. The assumptiortherebyis, that the local at-
tributesaremorerobustto occlusion,missingor extra fea-
turesand noise. The resulting histogramis called struc-
turally gated[6]. Sincethe attribute vectorsareof dimen-
siontwo, 2D-histogramareemployedwith onedimension
for therelative angleandonefor the relative position. The
normalizechistogrammaybe written asfollows:

H(i, j)
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hG (i, §) =
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We usedn, = 36 with a uniform distribution in [—, ]
for relative anglesand for the relative positions,we used
ny = 12. Thedistancebetweerntwo histogramss givenby
the Bhattacharyyalistance:
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This measuredoesnot take into accountzero histogram-
entries.For highly structurechistogramgie. those thatare
not uniformly populated)this canleadto the selectionof

matchesn which thereis a strongcongruencdetweerthe
structureof queryanddata—bashistogram.

4.2. Graph—basedRetrieval

The task hereis to measurethe “distance” betweentwo
graphs.The measureve describehere,is derived from the
directedHausdorf distance.The Hausdorf distanceaims
at computingthe distancebetweentwo setsof unordered
obsenations,wherethe correspondencdsetweerthe indi-
vidualitemsarenot known. For a setof unitaryattributesit
canbeformulatedas

Hy(G9,G7) = max min [|uf’ — 7|

wherewe have attributed every nodewith a setu?” of at-
tributes. The completedescriptionof the modi cation of

the hausdofff distancecanbe foundin [9]. Thebasicidea
is to usethe Hausdorf distancetwice. Oncefor compar

ing the attribute vectorsand oncefor comparingcomplete
nodes.Thus,themodi ed Hausdorf distancebecomes
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TheHausdorf distances very sensitve to noise. Theidea
to overcomethis issueis to make the hausdorff distance
“softer” by replacingthe max testby weightedsums. The
nal distancecanthusbeformulatedas
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To selectfrom a completeDB of imagesit is sufcient to
compardhequeryagainseachimage.Theweightingfunc-
tionI', usedn ourexperimentds of thefollowing Gaussian

form:
p2
o = ()

which explainsthe changeof the min into max in the nal
formula.

5. EXPERIMENTS

The drawing data-basevassuppliedby the EPOandwas
accompaniedby a setof correspondencdsetweerthe les
(ie. similar patents- the drawings arent necessarilysim-
ilar). Thanksto this groundtruth the performancecould
be evaluated.However, the patentevaluatorjudgesimilar-
ity basedon morethatjust direct visual propertieswhich
makea high level of recallaccurag dif cult to obtainfor a
recognitionalgorithm.

In gure 5 we presenta queryexample,which demon-
stratesthat the algorithmis ableto nd complex objects.
Two of the correspondingmagesare rankedvery high (2
and 4) and both have someapparentimilarity. The last
similar imageis retrieved in 20th position. Unfortunately
notall queriesvork aswell astheabove.

In orderto comparethe differentretrieval approaches
we performeda numberof experimentsand measuredic-
curay basedon therelevanceof theimagesreturned.The
occurrencesf similarimageswverecountedn awindow of
the 30 bestresults.Therecall is thencomputedastheratio
of the numberof similar imagesfound within the window
by the total numberof similarimages. In caseof cutim-
ages.eachsub-imagesvastakenasa queryandcompared



Fig. 2. Retrieval Resultof 1 usingGraph-base&election
Theimagesarepresentedh aleft—to—rightwith left-mostoneusedasqueryandsimilarimageshighlighted.

Retrieval Image Result
Method Pre-Procesing

Histogram Normal 16.67
Histogram Cut 36.46
Graph Normal 47.25
Graph Cut 52.16

Table 1. Resultsof Retrieval

againstthe completedatabase.Thenthe recall for all the
sub—-imagegvascomputedandthe maximumtaken.

Table 1 shaws the averageresults(over 57 queries)of
our experimentnadatabasef 180patentslt is clearthat
thebestperformanceareobtainedusingthegraphsimilarity
measuralerivedfrom the hausdoiff distance.

Dividing theimagesdn sub-imagegcut)greatlyincreases

therecallratein thecaseof histogranrepresentatiobut has
minor effect on the graphsimilarity measure This is to be
expectedbecausef the globalnatureof histograms How-
ever, recall performancesirein all casebetterusinggraph
ratherthanhistogramcomparison.The betterperformance
of the graphbasedtechniquecomesat a cost. The search
takesa considerableamountof time which is directly de-
pendenbnthesizeandcompleity of theimagego becom-
pared.

5.1. Conclusions

The goal of this work was to investigatemethodsto ef-
ciently selectpatentsfrom a data-basen the basisof the
visual contentof technicaldravings.

After carefullyselectingamongseveral candidatesthe
mostappropriatdine extractionalgorithm,two differentre-
trieval algorithmswereevaluatedpnebasedn arelational
graphsimilarity measurg9] andthe otheron structuralhis-
togramcomparison6]. Thusa serieof experimentswas
conductedTheresultsshaw, thatthemethodsvork reason-
ably well for someimagesandpoorlyin othersituation.

We nd the resultsratherencouraging.In an attempt
to improve the performanceave will studythe possibilityof
enhancinghe representatiowith otherbasicfeatureghan
line-sgmentaswell asresearchmethodsfor organizinga
library of attributedgraphsor ef cient retrieval.
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