
RELATIONAL SKELETONS FOR RETRIEVAL IN PATENT DRAWINGS

Benoit Huet, Gennarino Guarascio, Nicholas J. Kern and Bernard Merialdo

InstitutEurecom
2229Routedescretes,

06904Sophia-Antipolis,France.
Benoit.Huet@eurecom.fr

ABSTRACT

This paperpresentsthe evaluation of a numberof algo-
rithm alternative for contentbasedretrieval from a data-
baseof technicaldrawings representingpatents. The ob-
jective is to helppatentevaluatorin their questfor a possi-
ble patentbearingtoo muchsimilarity with the oneunder
investigation. To achieve this, we have devised a system
whereimages(drawings) are representedusing attributed
graphsbasedon the extractedline-patternsor histograms
of attributescomputedfrom thegraphs.Retrieval is either
performedusinghistogramcomparison[6] or thanksto a
graphsimilarity measure[9]. Promisingresultsare pre-
sentedalongwith possiblework extention.

1. INTRODUCTION

The topic of recognitionof objectsfrom large librariesof
imageshasattractedmuchinterestover thepastdecade[1,
2, 3, 4]. Most of the literaturehasfocussedon usinglow-
level imagecharacteristicssuchascolor [1], texture [5] or
local featureorientation[3] for thepurposesof recognition.
Oneof the mostef�cient waysto realizerecognitionis to
encodethe distribution of imagecharacteristicsin a his-
togram[1, 6]. Recognitionis achieved by comparingthe
histogramfor thequeryandthosefor theimagesresidingin
thelibrary.

Therehasbeenverylimitedwork aimedtowardstheuse
of content-basedretrieval techniquesfor solving real life
problems.Indeed,mostof thepapersin the�eld to dateare
concernedwith indexing homephotoalbums.Theproblem
of �nding relevanttechnicaldrawing hascausedlimited in-
terestto theresearchcommunity[7, 8]. An areawherethe
visualsearchof line drawingsis critical is theveri�cation of
the originality of an invention. Most patentsaredescribed
in detailsto the patentof�ce with the help of technicalor
engineeringdrawings. It would bea greatassetto suchan
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organizationto beableto querythepatentdatabaseon the
basisof visualcues.

The studypresentedin this paperis aimedat evaluat-
ing the feasibility of sucha taskbasedon the methodsfor
graph–and histogram–basedimageretrieval describedin
the work of Huet andHancock[9, 6]. The goal is thusto
�nd similarpatents, on thebasisof similar images.

We will startwith anoverallpresentationof thesystem.
Section3 explain our choiceof line extractionalgorithm.
We then describethe data-base's constructionalong with
the retrieval algorithms(Section4). Section5 comments
the resultsobtainedwith our method. We then conclude
andproposefuturework.

2. OVERVIEW OF THE SYSTEM

The systemfor contentbasedimageretrieval is basically
dividedinto four parts,asdescribedbelow:

1. Pre-Processing (optional): Here,imagesmaybesplit-
tedin a numberof smalleronessuchthateachimage
containsa single objectprior to further processing.
This stagemaybeomitted.

2. Line Extraction: This stageextractsthe lines from
the,eventuallypre-processed,bitmapimage.This is
in itselfamulti-stageprocess.Weevaluatedthreeline
extractionschemes:theCanny edgedetector, a thin-
ning algorithmand Voronoi–Skeletons implementa-
tion. Oncelinearfeatureshave beenextractedapoly-
gonizationprocedureis performedto obtainthe line
segments.

3. Data-baseconstruction: Thisstagecreatesthedata-
baseon which retrieval is to beperformed.Thetwo
retrieval algorithmoperateondifferentrepresentation
of theimages:
Graph Construction:The setof lines is transformed
in a 6-nearest-neighbor-graphand Euclideaninvari-
antattributesarecomputedontheedgesof thegraph.



HistogramConstruction:Thegraphattributesareen-
teredinto atwo dimensionalhistogramsfor rapidim-
agecomparison.

4. Data-baseQuerying: The comparisonbetweenthe
imagestakesplace. This is performedusingoneof
thefollowing methods:
GraphbasedRetrieval: Thequeryandimagegraphs
are comparedusing a variantof the Hausdorff dis-
tance[9]. This allows to retrieves the mostsimilar
imagesfrom thesetof graphs.
HistogrambasedRetrieval: Therelationalhistograms
of the query imageis comparedwith all thosefrom
thedata-baseusingtheBhattacharyyacorrelationmea-
sure[6].

Having brie�y presentedthe differentprocessingstepsof
thesystemwewill now providedmoredetailedinformation.

3. LINE EXTRACTION

Thealgorithmsfor indexing thedata-basearebasedonline-
segmentpairattributes.Thebitmap-imageshave to becon-
vertedto a line representation.Amongthemajorproblems
facedhere,the fact that a “line” in the drawings canhave
arbitrarythickness,is themostimportant.

Ideally, we would like to selectthe lines that represent
“important”propertiesof theimageonly. Unfortunately, the
de�nition of “important” is highly non–trivial. Addition-
ally thereis no uniqueline representationof animage.For
thesetwo reasonsall linesaretakeninto account.Thus,the
retrieval algorithmshave to copewith a (potentiallylarge)
numberof “noisy” lines,thatdon't representimportantim-
agefeatures.

Initially, weexperimentedwith standardedgedetection
algorithmslike the canny edgedetector(see[10]). How-
ever it is clearthatedgedetectorsarenotwell suitedfor this
type of imageasthey detecttwo edgesper lines. The use
of a line operatoris apossiblesolutionto thisproblem[11].
However, adifferentmaskis requiredfor variousline width
which is not very satisfactory. Thus,we have decidedto
usea skeletonizationalgorithmto normalizetheline repre-
sentationsin our images.Theskeleton(or medialaxis) of
anobjectis usuallyde�ned usinggrass�re analogy:when
a grass�re is lit on all sidesof the objectsimultaneously,
theskeletonis representedby thelineswheretwo �res meet
andextinguishthemselves.

Weexperimentedwith boththinningalgorithmsandvoronoi
skeletonsasdescribedin [12]. The mainproblemof thin-
ning algorithmsis, that they do not guaranteethat in all
casesthe result will be the medial axis of the shapeun-
derconsideration.For this reason,we optedfor the useof
voronoi-skeletonandusedthe programdevelopedby Og-
niewicz [12].

Thepolygonizationtransformsthelistsof connectedpix-
els that constitutethe skeletonsinto line-segments. The
methodconsistin �tting a line betweenthe�rst andthelast
pointof thepixel-list. Computethemaximalperpendicular
distanceof betweencurve andline points. If the maximal
distanceis suf�ciently largeandtheresultingtwo sub-lines
aresuf�ciently long,theline is split. Thealgorithmis called
recursively for eachof thesub–linescreated.

4. DATA-BASE CONSTRUCTION AND RETRIEVAL

Weareinterestedin representingimagesusingline-segments.
Raw informationaboutlines (eg. length,orientation)are
sensitive to transformationsof the images,like rotations,
translations,scaling. In order to makethe representation
invarianttheinformationthatis keptabouteachline is how
it canbedescribedin relationto anotherline. Ourvectorof
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Fig. 1. De�nition of thepairwiseattributes

attributesis composedof two parts: the relative angleand
therelative positionof the two lines. Therelative angleis
computedasfollows������� ���
	���
������������ ����� � ���� � ��� ��� � ��� ���
where� ��� indicatesthevectorline from ato b.

Thedirectedrelative position ���! �" � ��#%$ is de�ned asthe
normalizedlengthratiobetweentheorientedbaselinevector� ��� and the vector �'& � joining the end( ( ) of the baseline
segment( )*( ) to theintersectionof thesegmentpair ( +�, ).

� �  �" � � #%$ 	.-0/ � -13254 & �4 �6� �
In anattemptto reducethenumberof attributesrepre-

sentingan imageandto increasethe in�uence of local vi-
sualinformationa 7 -nearestneighborgraphis constructed
from theline-segmentset[9]. Nodesin thegraphrepresent
lines andedgesthe 7 closestlines (The distancebetween
two linesis theEuclideandistanceof theline centers).The
attributesrelatedto a pair of line-segmentsarekepton the
directededgewhich connectsthemsuchthatevery edgeis
attributedwith a vector 8:9; & � <0= 	5>?� ; & � <0=�@ � ; & � <0=%A of pairwise



attributes. We can thusrepresentour imageby a 3–tupleBC	D>FE @�G3@�HIA�@ G5J ELKME
where

E
indicatesthe

setof nodes;
G

representstheedgesof thegraph. Finally,

theset
H 	CN 8�9; & � <0= � 8�9; & � <0= 	O>P� ; & � <Q= @ � ; & � <0= A�@ >?R @TS�AVUWG3X de-

notesthe set of pairwiseattribute–vectorsattachedto the
edgesof thegraph.For thediscussionbelow, we introduce
also Y[Z& 	]\ S � >?R @FS^AVUWG Z`_ which denotesall the edges
departingfrom a givennode

R
in a graph a . In the follow-

ing discussionwe will assumeto matcha “query–graph”B Z 	b>FE Z @�G Z @�H Z A againsta graphfrom the databaseB�cd	.>TE�c @�G c @�H c A
.

4.1. Histogram–basedRetrieval

The ideaunderpinningthe histogram-basedselectionis to
constructanhistogramfromtherelativeattributes.Although
it is possibleto includethe attributesof all possibleedgesEeKfE

, weonly usetheonesfrom theNN–graphdescribed
above. Theseattributesdescribethe local environmentof
eachline. The assumptiontherebyis, that the local at-
tributesaremorerobust to occlusion,missingor extra fea-
turesand noise. The resultinghistogramis called struc-
turally gated[6]. Sincethe attributevectorsareof dimen-
siontwo,2D–histogramsareemployed,with onedimension
for therelative angleandonefor therelative position. The
normalizedhistogrammaybewrittenasfollows:g 9 >?R @TS�A 	 h >PR @FS^Aikj:lm�npo iqj:rs�npo h >?t @vuwA
We used 7yx 	{z�|

with a uniform distribution in }�~`� @ �'�
for relative anglesand for the relative positions,we used7�� 	.- 1

. Thedistancebetweentwo histogramsis givenby
theBhattacharyyadistance:� >Pg Z @ g c A 	 ~���� j*l�m�npo j:r�s�npo�� g Z >?t @�uwA K�g c >Pt @vuwA
This measuredoesnot take into accountzero histogram-
entries.For highly structuredhistograms(ie. those,thatare
not uniformly populated),this can leadto the selectionof
matchesin which thereis a strongcongruencebetweenthe
structureof queryanddata–basehistogram.

4.2. Graph–basedRetrieval

The task here is to measurethe “distance” betweentwo
graphs.Themeasurewe describehere,is derivedfrom the
directedHausdorff distance.The Hausdorff distanceaims
at computingthe distancebetweentwo setsof unordered
observations,wherethecorrespondencesbetweenthe indi-
vidual itemsarenot known. For a setof unitaryattributesit
canbeformulatedash3� >?B Z @ B c A 	q�����&?����� ��� �m �������0� cm ~ � Z& �

wherewe have attributedevery nodewith a set � c � of at-
tributes. The completedescriptionof the modi�cation of
thehausdorff distancecanbe found in [9]. Thebasicidea
is to usethe Hausdorff distancetwice. Oncefor compar-
ing the attributevectorsandoncefor comparingcomplete
nodes.Thus,themodi�ed Hausdorff distancebecomesh�� >?B Z @ B c A 	C�����&P�^� � ��� �m ��� � �����< �^� �� ��� �s �^� �� � 8�Z; m � s = ~�8 c ; & � <Q= �
TheHausdorff distanceis very sensitive to noise.Theidea
to overcomethis issueis to makethe hausdorff distance
“softer” by replacingthe

���^�
testby weightedsums.The

�nal distancecanthusbeformulatedas

h >PB Z @ B c A 	 -
� E Z � �&P��� � ���^�m ��� �-
� Y[Z& �

�< ��� �� �����s ��� ��3��� > � 8�Z; m � s = ~ 8 c ; & � <0= � A
To selectfrom a completeDB of images,it is suf�cient to
comparethequeryagainsteachimage.Theweightingfunc-
tion ��� usedin ourexperimentsis of thefollowingGaussian
form:

� � >%¡ A 	£¢��*¤W� ~ ¡*¥¦ �
which explainsthechangeof the

��� � into
���^�

in the�nal
formula.

5. EXPERIMENTS

The drawing data-basewassuppliedby the EPOandwas
accompaniedby a setof correspondencesbetweenthe�les
(ie. similar patents- the drawings aren't necessarilysim-
ilar). Thanksto this groundtruth the performancecould
beevaluated.However, the patentevaluatorjudgesimilar-
ity basedon morethat just direct visual properties,which
makea high level of recallaccuracy dif�cult to obtainfor a
recognitionalgorithm.

In �gure 5 we presenta queryexample,which demon-
stratesthat the algorithm is able to �nd complex objects.
Two of the correspondingimagesarerankedvery high (2
and 4) and both have someapparentsimilarity. The last
similar imageis retrieved in 20thposition. Unfortunately,
notall querieswork aswell astheabove.

In order to comparethe different retrieval approaches
we performeda numberof experimentsandmeasuredac-
curacy basedon therelevanceof the imagesreturned.The
occurrencesof similar imageswerecountedin a window of
the30 bestresults.Therecall is thencomputedastheratio
of the numberof similar imagesfound within the window
by the total numberof similar images. In caseof cut im-
ages,eachsub-imageswastakenasa queryandcompared



Fig. 2. Retrieval Resultof 1 usingGraph-basedSelection
Theimagesarepresentedin a left–to–rightwith left-mostoneusedasqueryandsimilar imageshighlighted.

Retrieval Image Result
Method Pre-Processing
Histogram Normal 16.67
Histogram Cut 36.46
Graph Normal 47.25
Graph Cut 52.16

Table1. Resultsof Retrieval

againstthe completedatabase.Thenthe recall for all the
sub–imageswascomputedandthemaximumtaken.

Table1 shows the averageresults(over 57 queries)of
ourexperimentsonadatabaseof 180patents.It is clearthat
thebestperformanceareobtainedusingthegraphsimilarity
measurederivedfrom thehausdorff distance.

Dividing theimagesin sub-images(cut)greatlyincreases
therecallratein thecaseof histogramrepresentationbut has
minor effect on thegraphsimilarity measure.This is to be
expectedbecauseof theglobalnatureof histograms.How-
ever, recall performancesarein all casebetterusinggraph
ratherthanhistogramcomparison.Thebetterperformance
of the graphbasedtechniquecomesat a cost. The search
takesa considerableamountof time which is directly de-
pendentonthesizeandcomplexity of theimagestobecom-
pared.

5.1. Conclusions

The goal of this work was to investigatemethodsto ef�-
ciently selectpatentsfrom a data-baseon the basisof the
visualcontentof technicaldrawings.

After carefullyselecting,amongseveralcandidates,the
mostappropriateline extractionalgorithm,two differentre-
trieval algorithmswereevaluated,onebasedona relational
graphsimilarity measure[9] andtheotheronstructuralhis-
togramcomparison[6]. Thusa serieof experimentswas
conducted.Theresultsshow, thatthemethodswork reason-
ablywell for someimagesandpoorly in othersituation.

We �nd the resultsratherencouraging.In an attempt
to improvetheperformancewewill studythepossibilityof
enhancingtherepresentationwith otherbasicfeaturesthan
line-segmentaswell asresearchmethodsfor organizinga
library of attributedgraphsfor ef�cient retrieval.
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