Fingerprint IdentiCEcation Using Delaunay fiangulation
Geoge Bebist, @isa Deaconut and Michael Ggimpoulos™

tDepartment of Computer Science, nsity of Nevada, Reno
"Department of Electrical and Computer Engineering Marsity of Central Florida
{bebis, deaconu}@cs.umdu, mng@ece.engcf.edu

Abstract ual. To reduce search time and computational comple
ity, Engrprint classiCEcations usually emplged to

This paper presents awedndexing-based approach to reduce the search space by splitting the database into
Engerprint identiCEcationCentral to the proposed smaller parts [5][6]. Matching is usually based onde
approach is the idea of associating a unique topologicalevel features determined by singularities in the Enger
structure with the Engerprint minutiae using the Delauridge pattern knon asminutiae
nay triangulation. This alles for choosing more "mean-
ingful" minutiae groups (i.e., triangles) during inde,
preseres inde selectvity, reduces memory require-
ments without sacriCEcing recognition acoyraand
improves recognition time. SpeciCEcallgssuming N
minutiae per (Engerprint on theerage, the proposed

Given the minutiae representation of (Engerprints,
Engerprint matching can simply be seen as a point
matching problem [7]-[9]. In this conte matching tvo
Engerprints implies Ending a subset of minutiae in the
(Erst Engerprint that best match to a subset of minutiae in
- o e ) : the second (Engerprint through a geometric transforma-
approach considers ony(N) minutiae triangles during  {ion in an optimal sense (i.e., least-squares). Besides
indexing or recognition. This compareswvirably 10 matching tvo GBgerprints togethethe main issue when
O(N3), the number of triangles usually considered by dealing with lage Engerprint databases iw o slect
other approaches, leading to signiCEcant memeinygsa  the most similar GEngerprints to the query Engerprint from
and impreed recognition time. Besides their small num- e database. Both of these problems appemgroften in
ber, the minutiae triangles we used for int® hae  computer vision, particularlyn object recognition. As a
good discrimination peer since, among all possible regylt, methods for object recognitiorvearuch in com-

minutiae triangles, theare the only ones satisfying the mon with Engerprint identiEcation methods.
properties of the Delaunay triangulation. As a result,

index selectvity is presered and indeing can be imple-
mented in a lv-dimensional space. Someykdaracter
istics of the Delaunay triangulation are (i) it is unique

(assuming no dgeneracies), (ii) can be computedEef . . ) ) .
ciently in O(NlogN) time, and (iii) noise or distortions mechanism \_Nh'Ch’ when prided with a ley \alue, is
able to rapidly access some associated data. Thus,

affect it only locally The proposed approach has been . tead of hang t h th £ all bl
tested on a database of 300 Engerprints (10 CEngerprimg ead of hang fo searc € space of all possibie

from 30 persons), demonstrating good performance. matches and xplicitly reject invalid ones, |_ndg|ng
inverts the process so that only the most feasible matches

are considered. The main idea behind kg is to pre-
store information about the models in a tabler €ach
model, groups of features argtracted and an indeis
computed from each group. Information about each
) ) o group is then stored in the indel location. During
Fingerprint matching is one of the most popular ecognition, the information stored in the table is used to
and reliable biometric techniques used in automatie per guickly eliminate non-compatible matches. Recently
sonal identiCEcation. There areotwwain applications  Germain et al. hee poposed using the FLASH algo-
involving (EngerprintSEngrprint veriEcatiofil][2] and rithm [4], an indeing-based object recognition algo-
Enerprint identiEcatiofB]-[5]. While the goal of En-  ithm, for Engerprint identiEcation.
gerprint \eriCEcation is toevify the identity of a person, . . .
the goal of (Engerprint identiCEcation is to establish the . Ther_e are |mportant_|ss_ues t_o be Fon§|dere_d when
identity of a person. SpeciEcaligerprint identiEca- using indeing for CEnge_rprmt |dent|CEc_at|0n m_c_ludlng the
tion involves matching a query Engerprinaiast a En- issues of memory requirements and idelectvity. In

: : ; . ... terms of memory requirements, the number of table
erprint database to establish the identity of anviddi
gerp y entries will be of the order dD(N®), whereN is the

Indexing-based methods [10]-[12] are quite attrac-
tive when dealing with laye object databases, since the
query object does not ¥ b be compared with eery
other object in the database. SpeciEcaltlexing is a

Keywords: (Engerprint recognition, Delaunay triangula-
tion, indeing

1. Introduction



avaage number of object features a8ds the size of  eve, both noise and distortion i@ anly a local eflect on

groups. Fingerprints usually contain between 30 and 8Qt. This means that correct identi®cation will be possible

minutiae [1][2], a nhumber which is higher than tiwera if some rgion of the ®ngerprint has not been seriously

age number of features (e.g., atmwre atrema) found in  affected.

a typical object. This, along with the common practice to The paper is ganized as follavs: in Section 2, we

store more than one imprints of the same ®nger in thejiscyss the use of inkieg for ®ngerprint identi®cation.

database to impve mhusiness and accusadl][2], Section 3 reiews the Delanuay triangulation and Section

leads to much higher space requirements. 4 describes ho the Delaunay triangulation is used for
The issue of inde selectvity relates to the dis- ®ngerprint identi®cation. Section 5 presents oxipegi-

crimination pever of the groups considered for ixdey. mental results and ®nallypur conclusions are ggn in

Groups with lev discrimination paver give lise to \ery Section 6.

similar indices (lav index selectvity). As a result, a lae

number of lypothetical matches are generated during

recognition, making indeng inefective. The main cause 2. Usingindexing for Engeprint identiEca-

of reduced inde selectity is the small size of groups tion

used for indeing and that almostvery possible group is

considered for indeng. One vay to deal with this prob-

lem is by increasing the indedimensionality using recognition where recognition relies upon théseence
larger siz_e groups, I_\ma/er, this will also increase mem-  f 3 set of prede®ned models.v&i an unknown scene,
ory requirements since the number of groups increasegecognition implies: (i) the identi®cation of a set of fea-
exponentially with size. Alternately, additional infor tures from the scene which approximately match a set of
mation can be computed from each group and added t@.5tres from a model, (ii) the ra@y of the geometric
the index to increase its dimensionalitfLASH is based  ransformation that the model has urgtere and, (i)
on this idea (7-dimensional indices were used in [11] and,eri@cation that other features coincide with the predic-
9-dimensional in [4]). Although this approach isfet-  {ions. Similarly ®ngerprint identi®cation refers to the
tive, it aso increases time requirements and raises theprOCeSS of matching a query ®ngerprinaiagt a ®nger
issue of computing the additional informaticast and  hyint database in order to establish the identity of an indi-
reliably. vidual. Inboth cases, the goal is to quickly determine if
In this paperwe propose a n& approach to ®nger  an object or ®ngerprint is in the database and to vetrie
print identi®cation based on inkiag and the Delaunay those objects or ®ngerprints which are most similar with
triangulation [13][14]. The problem of triangulation is a the unkn@vn scene or query ®ngerprint. Since usually
fundamental one in computational geometry with appli- there is nca-priori knowledge of possible feature corre-
cations in sudce or function interpolation. Here, the spondences, matching can be computationally xpere
Delaunay triangulation is used to associate a uniquesive, even for a moderate number of models in the
topological structure with the ®ngerprint minutiae. The database.

goal is to use the Delaunay minutiae triangles forxnde Indexing has receied considerable attention in the
ing. Thisyields reduced memory requirements without ierature [10]-[12] since it does not require considering
sacri®cing recognition accunggresenres inde selecti- each model separatefius, it is less dependent on the
ity without resorting to high-dimensional indeg database size. Ingi@g-based methods & wo phases
schemes, and impves recognition time. It can be sWa ot operation;preprocessingandrecognition. During pre-
that |_f N is the number of_mmutlae, the Delaunay trian- processing, features which remain unchanged under geo-
gulation producesO(N) triangles [14][15]. Thus, the metric transformationsirvarianty are etracted from
number of table entries will be of the ordeiQ{iN). This groups of model points and used to form indices. The
comparesdvarably toO(N?), the number of all possible  ingexed locations are ®lled with entries containing refer
triangles considered by other approaches [4][10]. INgnces to the models. During recognition, features from
addition, the Delaunay minutiae trianglevéapod dis- groups of image points areteacted and used to form
crimination paever since, among all possible triangles, ndices agin. The models listed in the indel entries
they are the ones satisfying the properties of the Delau-gre collected into a list of candidate models and the most
nay triangulation [14][15]. This, along with their small ften indeed models are selected for furthesri®cation.
_numper leads to dister recognition andwedimensional  \iri®cation works by computing the transformation
indexing. between the model(s) and the image and then by aligning
The key dharacteristics of the Delaunay triangula- the model(s) with the image using the computed transfor
tion of a set of points is that it is unique. Also, it can be mation. Then, the similarity of the model with the image
computed edciently in O(NlogN) time [16]. One prob- is estimated (e.g., by ®nding the percentage of model
lem is that it is sensite © noise and distortions (e.g, features that hee been aligned with image features).
introduced by missing or spurious minutiae pointsjy-ho

The problem of ®ngerprint identi®cation has much
in common with the problem of 2Bhodel-basedbject



Although indeing is an attractie gproach, ery 3. Background on Delaunay triangulation
often it becomes lessfettive due to limited indg selec- Triangulation is a process that éaka rgion of

tivity. The heart of the problem is theraimensionality space and dides it into subrgions. The space may be of
of the irvariants used to form the indices. In addition, ary dimension, hwever, a D space is considered here
indexing has high memory requirements. In the case Ofgince we are dealing with 2D points (minutiae). In this
®ngerprints, memory requirements can become Muchage the subgions are simply triangles.ri@ingulation
higher since ®ngerprints contain more features on thg,as may applications in ®nite elements simulation, sur
avgage than typical objects. Indag-based methods  tace approximation and nearest neighbor identi®cation

usually considerwery possible group of features (of a [16]. Here, havever, our goal, is to associate a 2D topo-
speci®c size) for wilding the table.There are tw main logical structure with the minutiae.

reasons for this: ®rst, it is desirable taild some dgree
of redundang in the table so recognition can become
more rolust and second, there is usually aepriori
knowledge for choosing certain groups/ep others.
Although redundanc can imprave mbustness, redun-
dang with limited index selectvity increase dlse posi-
tives, slaving recognition time signi®cantly

Given a set S of points pq, pa,...,Pn, We @n
compute the Delaunay triangulation®by ®rst comput-
ing its Voronoi diagram. The ¥ronoi diagram decom-
poses the 2D space intogiens around each point such
that all the points in the géon aroundp; are closer t,
than thg are to ay other point inS. Given the \bronoi
_ o diagram, the Delaunay triangulation can be formed by

One vay to deal with the problem of limited inde  connecting the centers ofveey pair of neighboring
selectiity is by choosing lager size groups. Heever, \Voronoi ragions. Figure la shes a set of 2D points,
this will further increase memory requirements since theheir \bronoi diagram is shen in Figure 1b while their
number of groups increasegpenentially with size [20].  pelaunay triangulation is sho in Figure 1c. Delaunay
To get around this problem, "grouping” has been sug-yiangulation has certain properties, including: (1) the
gested in object recognmor_] to |dent|fy |mportant groups pejaunay triangulation of a nongtnerate set of points
of features only [21]. Using grouping in ®ngerprint js ynique, (2) a circle through the three points of a Delau-
recognition, hwever, will not be a good idea since the 3y riangle contains no other points and (3) the mini-
minutiae hae a ather random distritiion. Another idea  mym angle across all the angles in all the triangles in a
to improve index selectvity is by adding ne invaiants  pejaunay triangulation is greater than the minimum

to the inde, thus, increasing its dimensionalityhe  gngie in ag other triangulation of the same points.
FLASH algorithm is based on this idea [11]. In [4], the

FLASH algorithm vas used for ®ngerprint identi®cation.
FLASH considers triangles of minutiae to compute
9-dimensional inde which includes information about
the lengths of the sides of the triangle formed by the t -
angle, the ridge count between each,@aid angle infor =
mation. Although the idea of using high-dimension: .

invariants does impne index selectvity, new issues ' -(a)‘

arise since we need to consider whahe high-

dimensional imariants will be computedakt and reli- Figure 1 (a) A set of points, (b) itsdfonoi diagram, and
ably. (c) its Delaunay triangulation.

In this paperwe propose a ng indexing-based
approach to ®ngerprint identi®cation. Central to thene Property 1 supports the use the Delaunay triangles for
approach is the idea of associating a unique topologicaindexing. Property 2 implies that the insertion of avne
structure with the minutiae using Delaunay triangulation. point in a Delaunay triangulationfa€ts only the trian-
The minutiae triangles of the Delaunay triangulation aregles whose circumcircles contain that point. As a result,
then used for indéng. There are seral adwantages noise afects the Delaunay triangulation only locally
behind this idea. First of all, we only consid®fN) tri- This is ery important in the conté of our application.
angles for indeing, implying laver memory require- The last property implies that the triangles obtained are
ments and less redundgn&econd, the minutiae trian- not "skinry". This is also ery desirable in our applica-
gles of the Delaunay triangulationveagood discrimina-  tion since the computation of the geometric transforma-
tion paver since, among all possible triangles,ytlaee tions between ®ngerprints is based on corresponding
the only ones satisfying the properties of the Delanuayminutiae triangles. Using skigntriangles can lead to
triangulation. The impneed index selectvity along with instabilities and errors [10]. In a comparison study that
the less redundapof the information stored in the table involved seeral well knavn topological structures [18],
yield less élse positres and improve recognition time.  the Delaunay triangulation ag found to hae the best
Finally, indexing can be implemented in a we structural stability under random positional perturba-
dimensional space. tions.



The Delaunay triangulation and thergnoi dia- isfy the properties of the Delaunay triangulation,ythe
gram are ery ef®@cient algorithms since the number of can be found through a well de®ned procedure and ha
edges in both of them is proportional to a small constantgood discrimination pwmer. Using these triangles for
times the number of point®O(N)). Since each edge indexing preseres inde selectvity and allavs for
belongs to at most wvtriangles or polygons, then the implementing a lev dimensional indging scheme.

number of triangles generated by the Delaunay triangula- Given a minutiae triangle (e.g., see Figure 3), we
tion is also linear to the number of points. our eperi- compute three irariants which are then used to form a
ments, we hee wsed fortunes implementation which is 3 gimensional inde The irvariants are based on the
awailable from  http://netlitbell-labs.com/netlibloronoi.  gides and angles of the minutiae triangle. First of all, we
The compleity of the algorithm iO(Nlog(N)). sort the sides of the triangle tecid considering all pos-

sible orders of three points:
4. Indexingusing Delaunay triangulation LEIL £,
4.1. Minutiae triangulation Then, the folloving invariants are computed:

The proposed ®ngerprint identi®cation system rep-
resents ®ngerprints in terms of their minutiae. The tw 0f Ll £1
most prominent minutiae, which are also the ones used I3
here, correspond to ridge endings and ridge bifurcations.
Each minutiae is represented by its coordinates)( 0f Lz £1
Once the minutiae e keen atracted (we use the algo- I3
rithm in [5]), their Delaunay triangulation is computed.
Figure 2 demonstrates the Delaunay triangulation of the -1£cofA) £1
minutiae etracted from one of the ®ngerprints in our
database. whereA is the angle between the smallesb sides.
A
l1 I2
B C
I3

Figure 2 The Delaunay triangulation of the minutiae. ) ) _ o )
Figure 3 Invariants using the minutiae triangles.

4.2. Building the index table

The inde table is ilt by considering the minu- The reason fo_r using the cosine of the angle_ and
tiae triangles formed by the Delaunay triangulation. N0t the angle itself is because tralue of the angle is
Before deciding what irariants will be computed from ~ Sensitve © noise introduced by the minutiaateaction
each minutiae triangle, the geometric transformation tha@/gorithm while the cosine can ®lter out part of that
relates diferent ®ngerprint instances should be de®nedn0ise. It should be mentioned that the angle we consider
Usually, it is assumed to be a rigid or similarity transfor for indexing is the lagest of the three angles in the trian-
mation [2]-[4][5]. In this paperwe assume similarity ~ 9l under consideration. @busly, very lage angles
transformations (translation, rotation, and scaling) with aYi€ld triangles whose points are almost collinear

re®nement step based or®ak transformations (see Sec- Although the Delanuay triangulation tends twid such

tion 4.4). From each minutiae triangle, information "SKiNmy" triangles as mentioned in Section 3, this cannot
invariant to similarity transformations is thus computed. 2Ways be guaranteed (unlesera points are inserted in
Then, an indeis formed using the irariants and appro- the minutiae set, e.g., see [16]). Such triangles are not

priate information is stored in the indl table location. desirable since the computation of the geometric trans-
formation becomes unstable (small errors in the minutiae

locations yield lage errors in the computation of the
parameters of the transformation). Thus, we reject trian-
gles whose lgrest angle is greater than a threshold (168
degrees).

Without using the Delaunay triangulation, we
would hare © consider gery possible triangle. Assum-
ing N minutiae on the\srage, the number of possible
triangles isO(N®). In contrast, the Delaunay triangula-
tion yields onlyO(N) triangles. Since these triangles sat-



After the irvariants hae been computed, linear We havealso adopted this idea in ouprk since it
scaling follaved by quantization yields an iger index. is very efective. Speci®cally each of the entries
For each inde& computed, information about the ®nger retrieved from the ind& table represents aypothesized
print and its minutiae is stored in the imdable. Specif-  correspondence between three minutiae in the query ®n-
ically, the entries stored in the tablevhahe following gerprint and three minutiae in the model ®ngerprint.

format: Given this information, the transformation that best maps
the query triangle to the model triangle is computed. The
(person ID, imprint_ID, my(X, y), mx(X, ), mz(X, y)) computed transformation parameters are binned and,

along with theperson_ID and imprint_ID, form a ley
where person_ID corresponds to an identi®cation code that indees another data structure used fovidence
for the personprint_ID is an identi®cation code for the accumulation. An 8-dimensional igger array vas used
particular imprint of that person (i.e., each person canin order to store the number obtes in the transforma-
have nore than one imprints stored in the database), andion space (six dimensions for the parameters of the
m; (X, y) are the &, y) coordinates of then; point in the transformation, one for thperson_ID and one for the
group of minutiae. imprint_ID).

Fingerprint images are usuallyeny noisy due to If a lage number of minutiae can be brought into
various factors such as ®ngerprint morphology and imag-correspondence by a transformation, then the indices
ing conditions. Also, certain amount of noise is intro- generated by the triangles formed by those minutiae will
duced by the minutiaexeaction process. In order to generate the same agry similar transformation parame-
account for wariations in the ®ngerprint images of the ters. Hencea larger number of etes for a correct match
same ®ngelit is dten imperatie © dore in the database will be accumulated. There might be a number of ran-
information from seeral different images of the same dom correspondences between minutiae triangles in the
®nger talen at diferent times. Although this increases query ®ngerprint and some model ®ngerprintyeeer,
memory requirements, it mek the system more naft the likelihood of a number of consistent transformation
to noise and distortiondn Section 5, we report a num- parameters being generated by random correspondences
ber of eperiments by arying the number of imprints is small, and the eri®cation step will eliminate most of

stored in the database. them.
4.3. Theidenti®cation step 4.4. Theveri®cation step

During identi®cation, each ingegenerated by a The transformations that are further considered for
guery ®ngerprint is used to retviedl model ®ngerprints  veri®cation are the ones with the 4 dast number of
stored in the database under the samexindéile pro- votes. The eri®cation stage determines whetheo t@&n-

cessing the query ®ngerprint, the minutiae points aregerprints correspond to the same ®nger or not. This is
extracted and their Delaunay triangulation is computed.performed by aligning the tw ®ngerprints using the
For each Delaunay minutiae triangle, the lengths of thetransformation computed in the pieus step and by
sides are calculated, sorted in ascending pwtet the computing the amount ofverlap. Speci®callygiven a
invariants are computed. Then, thevanants are quan- query ®ngerprint, a list of candidate ®ngerprints which
tized as in preprocessing. The resulting indeused to possibly match the query ®ngerprint is generatest. F
retrieve from the database all the entries stored at theeach candidate match, a transformation is computed.
same inde table location. & account for noise, we also Then, the computed transformation is applied on the can-
retrieve entries stored in a small neighborhood (i.e., a cir didate ®ngerprint to align it with the query ®ngerpritt.

cle of radius 2) around the indsl location. a large number of minutiae from the candidate ®ngerprint

Most indeing-based approaches accumulage e &€ "close” (i.e., less that 15 plz) to a lage number of
dence about a model by casting aevfor eery entry minutiae from the query ®ngerprint, then it isry likely
stored in the indeed locations and by "histograming” the that the te ®ngerprints come from the same ®ngéo

entries to pick the ones whichveareceized a ligh num- ~ compute the percentage ofedap, we use the folleing
ber of \otes [10]. The problem with this approach is that fermula:

it takes into consideration only the number aftes p= 2n X 100

receved by a particular entry and does not consider m+q

whether theseotes are consistent among themssIvb
introduce a measure of coherence, Lagniend Gros
[19] hare proposed wting in the transformation space.
The ley idea behind this approach is to consider transfor
mations which form laye clusters in the transformation Although we use similarity transformations to
space. The same ideasvalso used in [4]. related diferent ®ngerprint instances, fiifences in the

where n is the number of matched minutiam, is the
number of minutiae in the candidate ®ngerprint grid
the number of minutiae in the query ®ngerprint.



pressure of the ®gure on the sensor or skin elasticity pro5.2. Experiments

duce deformations which are not modeledyvwell by To characterize systes!' performance, we he
similarity transformations. In ourxperiments, we hee conducted sexal experiments. In the ®rst set okeri-
found that a re®nement of the computed similarity transynents. we ary the number of imprints stored in the
formations using &ne transformations can align the ®n- y5iapase for each person. Thus, a subset of the 300 ®n-
gerprints more accuratelgased on this obseation, our  gerprint images as used toild the database while the
veri®cation procedure has twvgages. In the ®rst stage, regt images were used for testinge Wiveexperimented
the two ®n_gerpr|nts are a_hgned through a S|_m|_lar|ty with storing 3, 5, and 7 images per person in the
transformation since thevariants computed are veri- database. leach case, sixxperiments were conducted.
ants to similarity transformations. In the second stage,, the ®rst @e experiments, the images stored in the
however, we ®nd additional minutiae correspondences yatapase were chosen randomly while in the lgsere

and we attempt impre he alignment by computing an  ment, the "best" images were chosen (in terms of image
af®ne transformation. Figure 4a st® the alignment of quality according to our opinion).

two ®ngerprints using just three minutiae and similarity
transformation. Figure 4b she the aligned ®ngerprints
using more minutiae correspondences afhaftransfor
mation.

We dassify our results in four cageries: (a)cor-
rect: the query ®ngerprint has been correctly matched to
one or more ®ngerprints from the same personfalse
positive the query ®ngerprint has been matched to one or
more ®ngerprints from an incorrect personfétye nga-
tive: the query ®ngerprint has not been matched o an
®ngerprint in the database (we assume that the database
contains ®ngerprints from each person), andnjided
there is not enoughviglence to assign the query ®nger
print to one of the préous three catgries. The reason
we hare mixed matches is because we store more than
one imprints in the database for each person. Ustiadly
guery ®ngerprint is matched to more than one imprints
(b) from the same person (see Figure 5). Sometimes; ho

eva, the list of matches contains ®ngerprints from other

persons as well. &/ all this case a "med" match.
Mixed matches require further processingere, we
resohe the mied results using a "majority" rule.
According to this rule, we assign the query ®ngerprint to

) ) the indvidual with the maximum number of imprints in
In each stage, a d&frent threshold is used to de®ne g |t of matches. In ouxperiments, we were able to

the percentage of minutiae from the candidate ®ngerprintasone dl mixed matches correctly using this rule (the

that_are "close" to minutiae from the query ®r_19erprint. '”percentage of mid matches is sk in the last column
particular a snaller threshold (20%) is used in the ®rst ¢, completeness).

stage to mak aure that we consider as myanandidate
matches as possible, thus, reducing the numbealsd f
negdives. In the second stage,wever, we ®lter out the
false positves introduced by the ®rst stage by using a
higher threshold (40%). The threshold used to de®ne the
"closeness" between minutiae is alsofetént is each
stage (10 pigls in stage one and 15 pig in stage tw).

@)

Figure 4 Aligning the two ®ngerprints using a similarity
transformation, (b) imprang the alignment through an
af®ne transformation.

5. Experimental results

5.1. Thedata set (a) (b)

The ®ngerprint images used in this studweha
been captured using an inkless ®ngerprint scarer  Figure 5 Several imprints from the same ®nger match
database contains 300 ®ngerprints, captured from 3€he same query image; (a) imprintl, (b) imprint2. The
individuals (10 images per ®nger for each vdiial). black lines correspond to the query image while the
The size of these images is 400 by 400elsix When  white lines correspond to the model.
these ®ngerprint images were captured, no restriction on

the position and the orientation of ®ngers were imposed. Tables 1-3 she the results obtained storingu
ous number of imprints (3, 5, and 7) in the database for



each person. From these results, we can infer that thextraction algorithm diled to detect certain minutiae).
recognition accurgcdepends on the number of imprints Figure 6 shars examples of these cases.
stored in the database for each person. In partidhiar

last raw of each table shas that if the imprints stored in

the database are of good qualityen recognition accu-

ragy can be impreed dgni®cantly. The number ofdlse

negdives ae relatvely high compared to the number of

false posties. Olviously, the threshold used for match-

ing (40% of points should match) has somtectfon

this. Although this threshold as chosenxperimentally

here, we plan to optimize its choice in our futuieky

Table 1.Stored: 3 imprints per personested: 210.

Results (a) (b)

Trial Correct | Fdse Positte | Fdse Ngaive | Mixed

1 %6.6% 0.4% 13% 0% | Figure 6. (a) The query ®ngerprint is of bad qualifi)

2 7% 0% 13% 0% | the query ®ngerprint has a small number of minutiae in
3 7% 0% 13% 0% | common with other ®ngerprints from the same ®nger
4 6.2% 0% 13.8% 0% | (the black lines correspond to the query ®ngerprint).

5 86% 0% 14% 0%

Average | 86.56% 0.08% 13.36% 0% In the n&t experiment, we anted to test ho false
Best 96.7% 0% 3.3% 0% | positives increase with the database size. Also, we were

interested in testing mothe system performs on ®nger
prints from people not represented in the database. In

Table 2.Stored: 5 imprints per persorested: 150. ; _
order to test this assumption, we éixthe number of

Results query ®ngerprints to 50 by randomly choosing 5 persons
Trial Correct | Fdse Positve | Fdse Negdive | Mixed | gyt of the 30 persons contained in our database. Then,
1 9% 0% 7% 0.6% | \we used the ®ngerprints of the rest 25 persons (25 x 10 =
2 %.4% 0.6% 4% 0.6% 250) to lwild the database. V@ experiments were con-
3 9.4% 0% 6.6% 2.6% | ducted by storing in the database 250, 200, 150, 100 and
4 2% 0% 8% 1.3% | 50, randomly chosen, ®ngerprints.
5 2% 0% 8% 0.6% ..
Average | 93.16%|  0.12% 672% | 1.14%| /s can be seen fromable 4, &lse posiires
Best 99 4% 0% 0.6% 0% increase skvly_ with the databgse size. Usually a _
guery ®ngerprint has a match in the database, there will
o be no room fordlse posities nce the matched model
Teble 3.Stored: 7 imprints per persorested: 90. will receive a hrge number of etes. Hovever, if a match
Results does not xist, we hae roticed that &lse alarms usually
Trial Correct | Fdse Posive | Fase Neydive | Mixed | occur at around the thresholdlwe (all the dlse alarms
1 0% 0% 10% 3% | encountered in ourxperiments had less than 45% com-
2 B% 0% 5% 3% | mon points while the thresholdaw 40%). One ay to
3 97% 0% 3% 1% | improve the results is by using additional information for
4 3% 0% 7% 3% | veri®cation. Currentlywe just use the minutiae locations
5 %% 0% 4% 19 | for veri®cation. Hevever, additional information such as
Average 94.2% 0% 5.8% 20, | local orientation can impxe the results. Another ay is
Best 100% 0% 0% 0% | to increase the threshold for the number of matched

minutiae lut this will of course increase the number of
We have also tested all possible combinations of false ngaives. The answer to this dilemma depends on

storing 9 ®ngerprints from each person in the databasehe application.

Recogpnition accurg{(;im_pro/ed even more in this_case, The response time of our system depends on the

thever, our results_lnd|cate t_hat there are cgrtam ®nger query ®ngerprint. If the query ®ngerprint has a match in

prints that are ery dif®cult to identify The main reasons the database, then the response time is of order of a fe

for this are: (i) the quality of the query ®ngerprint is SO ¢o-onds (usually4-5 - no code optimization & per

bad that it does not resemblery well ary of the other 9 formed, all the periments were run on an Ultra Sun

®ngerpr_int§ anc_i (ii) the query ®ngerprint does noteha 30). In this case, aehypotheses are generated.wdo

mary minutiae in common with the rest of the ®nger eva, if a match does nobést, then the response time can

prints (e.g., tw ®ngerprints might correspond to idzif.— . double or gen triple. In this case, a lge list of lypothe-
ent poses of the ®nger on the scanner or the minutiae
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