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Abstract. A biometric authentication systemoperatesby acquiring bio-
metric data from a user and comparing it against the template data
stored in a databasein order to identify a person or to verify a claimed
identit y. Most systems store multiple templates per user to accourt for
variations in a person's biometric data. In this paper we propose two
techniques to automatically select prototype ngerprin t templates for
a nger from a given set of ngerprin t impressions. The rst method,
called DEND, performs clustering in order to choosea template set that
bestrepreserts the intra-class variations, while the secondmethod, called
MDIST, selectstemplates that have maximum similarity with the rest
of the impressionsand, therefore, represert typical measuremerts of bio-
metric data. Matching results on a database of 50 di eren t ngers, with
100 impressionsper nger, indicate that a systematic template selection
procedure as preserted here results in better performance than random
template selection.

1 Intro duction

A biometric authentication systemusesthe physiological ( ngerprin ts, face,hand
geometry, iris) and/or behavioral traits (voice, sighature, keystroke dynamics)
of an individual to identify a personor to verify a claimed identit y [1]. A typical
biometric system operatesin two distinct stages:the enrollment stage and the
authentication stage. During enrollment, a user's (the enrollee) biometric data
(e.g., ngerprin ts) is acquired and processedo extract a feature set (e.g., minu-
tiae points) that is stored in the database.The stored feature set, labeled with
the user'sidentity, is referred to as a template. In order to accourt for varia-
tions in the biometric data of a user, multiple templates corresponding to eath
user may be stored. During authentication, a user'sbiometric data is onceagain
acquired and processed,and the extracted feature set is matched against the
template(s) stored in the databasein order to identify a previously enrolled in-
dividual or to validate a claimedidentit y. The matching accuracyof a biometrics-
basedauthentication systemrelieson the stability (permanence)of the biometric
data assaiated with an individual over time. In reality, however, the biometric
data acquired from an individual is susceptibleto changesintroduced due to
improper interaction with the sensor(e.g., partial ngerprin ts, changein pose
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during face-imageacquisition), modi cations in sensorcharacteristics (e.g., op-
tical vs. solid-state ngerprin t sensor),variations in ervironmental factors (e.g.,
dry weather resulting in faint ngerprin ts) and temporary alterations in the bio-
metric trait itself (e.g., cuts/scars on ngerprin ts). In other words, the biometric
measuremets tend to have a large intra-class variabilit y. Thus, it is possiblefor
the stored template data to be signi cantly dierent from those obtained dur-
ing authentication (Figure 1), resulting in an inferior performance (higher false
rejects) of the biometric system.

(@) (b)

Fig. 1. Variations in ngerprin ts: Two impressionsof a ngerprin t acquired at di eren t
time instances exhibiting partial overlap.

In order to accourt for the above variations, multiple templates, that best
represen the variabilit y assa@iated with a user'sbiometric data, should be stored
in the database. For example, one could store multiple impressionspertaining
to di erent portions of a user's ngerprin t in order to deal with the problem of
partially overlapping ngerprin ts. Similarly, a user's face image acquired from
multiple viewpoints may be storedin order to accourt for variations in a person's
pose. There is a tradeo between the number of templates, and the storage
and computational overheadsintro duced by multiple templates. For an e cien t
functioning of a biometric system, this selection of templates should be done
automatically. However, there is limited literature dealing with the problem of
automatic template selectionin a biometric system. We proposetechniques to
automatically selectthe templatesin order to accourt for variations obsenedin
a user's biometric data as well as to adequately represert typical data values.
Although we considera ngerprin t-based biometric system as our test-bed, the
techniques preserted in this paper may be applied to other types of biometric
traits (such as faceand hand geometry) aswell.

2 Template Selection

The problem of template selectionwith regard to ngerprin ts may be posedas
follows: Given a set of N ngerprin t images corresponding to a single nger,
selectK templates that “best' represert the variabilit y aswell asthe typicality
obsened in the N images,K < N. Currently, we assumethat the value of K
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is predetermined. This systematic selectionof templates is expectedto result in
a better performance of a ngerprin t matching system comparedto a random
selectionof K templates out of the N images.

It is important to note that template selectionis dierent from template
update. The term template update is usedto refer to one of the following sit-
uations: (i) Template aging: Certain biometric traits of an individual vary with
age. The hand geometry of a child, for example, changesrapidly during the
initial years of growth. To accourt for such changes,old templates have to be
regularly replacedwith newer ones.The old templates are said to undergo ag-
ing. (ii) Templateimprovemert: A previously existing template may be modi ed
to include information obtained at a more recen time instance. For example,
minutiae points may be added to, or deleted/modi ed from the template of a
ngerprin t, basedon information obsened in recertly acquired impressions[2{
4]. As another example, Liu et al. [5] update the eigenspacén a facerecognition
systemvia decay parametersthat control the in uence of old and new training
samplesof faceimages. Thus, template selectionrefersto the processby which
prototype templates are chosenfrom a given set of samples,whereastemplate
update refersto the processby which existing templates are either replaced or
modi ed. We proposethe following two methods for template selection:

Metho d 1 (DEND): In this method, the N ngerprin t impressionscorre-
sponding to a user are grouped into K clusters, such that impressionswithin
a cluster are more similar than impressionsfrom dierent clusters. Then for
ead cluster, a prototype (represenativ €) impressionthat typi es the members
of that cluster is chosen,resulting in K template impressions.

To perform clustering, it is required to compute the (dis)similarit y between
ngerprin t impressions.This measureof (dis)similarit y is obtained by matching
the minutiae point setsof the ngerprin t impressions.Our matching algorithm
is basedon an elastic string matching technique that outputs a distance score
indicating the dissimilarity of the minutiae sets being compared [6]. Since our
represeration of the N ngerprin t impressionsis in the form ofaN N dissim-
ilarit y matrix insteadofaN d pattern matrix (d is the number of features), we
use hierarchical clustering [7]. In particular, we use an agglomerative complete
link clustering algorithm. The output of this algorithm is a dendrogramwhich is
a binary tree, where ead terminal node correspondsto a ngerprin t impression,
and the intermediate nodesindicate the formation of clusters (seeFigure 2).

The template set T, jTj = K, is selectedas follows:

1. Step 1: Generatethe N N dissimilarity matrix, M, where ertry (i; j),
i;j 2f1;2;:::Ngis the distance scorebetweenimpressionsi and j .

2. Step 2: Apply the complete link clustering algorithm on M, and generate
the dendogram,D. Usethe dendogramD to identify K clusters.

3. Step 3: In ead of the clustersidenti ed in step 2, selecta ngerprin t impres-
sion whoseaveragedistance from the rest of the impressionsin the cluster
is minimum. If a cluster has only 2 impressions,chooseany one of the two
impressionsat random.
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Fig. 2. Dendrogram generated using the 25 ngerprin t impressions of one nger. The
circles on the subtreesindicate impressions enclosedby the clusters for K = 5.

4. Step 4: The impressionsselectedin step 3 constitute the template set T.

Wereferto the above algorithm asDEND sinceit usesthe dendrogramto choose
the represenativ e templates.

Metho d 2 (MDIST): The secondmethod sorts the ngerprin t impressions
basedon their average distance scorewith other impressions,and selectsthose
impressionsthat correspond to the K smallest average distance scores.Here,
the rationale is to selecttemplates that exhibit maximum similarity with the
other impressionsand, hence,represert typical data measuremets. We refer to
this method as MDIST sincetemplates are chosenusing a minimimum distance
criteria. Thus, for every user:

1. Step 1: Find the pair-wise distance scorebetweenthe N impressions.

2. Step 2: For the j " impression,compute its averagedistance score, d; , with
respect to the other (N 1)impressions.

3. Step 3: ChooseK impressionsthat have the smallestaveragedistance scores.
These constitute the template set T.

The choice for the value of K is application dependert. Larger K values
would mean storing more templates per user, and this may not be feasible in
systemswith limited storagecapacities.Moreover during authentication, match-
ing a query (input) image with a large number of templates per user would be
computationally demanding. Smaller K values,on the other hand, may not suf-
ciently capture the intra-class variabilit y nor the typicality of the impressions,
leading to inferior matching performance. Therefore, a reasonablevalue of K,
that takesinto accourt the aforemertioned factors, hasto be speci ed.
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Fig. 3. The cluster membership (K = 5) for the dendrogram shown in Figure 2. At
most 5 members are indicated for ead cluster. The protot ype template in ead cluster
is marked with a thick border. Note that the cluster in (b) has only one member.
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Fig. 4. The prototype templates of a nger selectedusing the MDIST algorithm.

3 Exp erimental Results

In order to study the e ect of automatic template selectionon ngerprin t match-
ing, we needto have seweral impressionsper nger ( 25). Standard ngerprin t
databases(e.g., FVC 2002[8]) do not cortain a large number of impressionsper
nger. Therefore, we collected100impressionseat of 50di erent ngers (10 n-
gersead of 5 di erent individuals) in our laboratory usingthe Identix BioTouch
USB 200optical sensor(255 256images,380dpi). The data wasacquired over
a period of two months with no more than 5 impressionsof a nger per day. The
100impressionsof eadh nger were partitioned into two sets:template selection
was done using the rst 25 impressions,and the matching performance of the
selectedtemplates was tested using the remaining 75 impressions(test set).

Figure 2 shaws the dendrogram obtained using the 25 ngerprin t impressions
of one nger. On setting K = 5, the resulting clusters and their prototypesas
computed using the DEND algorithm are shown in Figure 3; someclusters are
seento have only one member, suggestingthe possibleexistenceof outliers. The
various prototypesare obsenedto have di erent regionsof overlap with respect
to the extracted minutiae points. The prototypes,for the same nger, computed
using the MDIST algorithm are shawn in Figure 4.

In order to assesghe matching performanceof the proposedtechniques (for
K = 5), we match every imagein the test set (50 ngers, 75impressionsper n-
ger) against the selectedtemplates (5 per nger). When a test imageis matched
with the template set of a nger, 5 di erent distance scoresare obtained. The
mimimum of these scoresis reported asthe nal matching score.Thus, we ob-
tain 187,500 matching scores(75 50 50) using the selectedtemplate sets.
Figure 5(a) shows the ROC (Receiver Operating Characteristic) curvesrepre-
serting the matching performance of the template sets selectedusing both the
algorithms. The Equal Error Rates (EER) of DEND and MDIST are obsened
to be 7:95% and 6:53%, respectively. Now, for the 50 ngers, there are a total of
( 255 )0 1 non-selested template sets. It is computationally prohibitiv e to gen-
erate the matching scoresand the ROC curvescorresponding to all thesepermu-
tations. Therefore, we chose53; 130 permutations (assumingthat the impression
indicesin the template set of all the 50 ngers is the same)and computed their
EER. The histogram of EER valuesis shown in Figure 5(b). In this histogram,
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Fig. 5. (a) The ROC curves for the DEND and MDIST algorithms. (b) The EER
histogram for the non-selectedsets.

the vertical dashedlines indicate the EER values corresponding to the DEND
and MDIST algorithms. The percertage of non-selectedtemplate setsthat have
alower EER than the template setsselectedwith the proposedmethodsis 37:7%
and 0%, for DEND and MDIST, respectively, thereby suggestingthat systematic
template selectionis better than random selection.

The table in Figure 6(a) lists the impressionsthat were selectedastemplates
for one nger usingthe DEND and MDIST algorithms at di erent K values.The
impressionindex indicates the acquisition time of the impressions- a lower index
referring to an earlier time instance. We seethat there is no direct relationship
betweenan impressionindex and its choice as a template. This result suggests
that template selectionis a necessarystep prior to matching. Figure 6(b) shows
the EER of the proposedselectionmethods at di erent valuesof K .

4 Discussion and Future Work

A systematic procedure for template selectionis critical to the performance of
a biometric system. Basedon our experiments, we obsene that the MDIST al-
gorithm for template selectionresults in a better matching performance than
DEND. This may be attributed to the fact that MDIST choosesa template set
that typi es those candidate impressionsthat are similar and occur frequently.
However, the DEND method capturesthe variations assaiated with the nger-
print impressions.We also obsene that systematic template selectionresults in
a better performancethan random selectionof templates.

The template selection mechanism has to be applied periodically, and in
an incremertal fashion, as more and more biometric samplesof an individual
are acquired after repeated use of the system. Currently, we are working on
employing the template selectiontechniquesto update the template set of a user
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Fig. 6. (a) The selectedtemplates for a nger using the DEND and MDIST algorithms
at dierent K values. (b) The EER of the ngerprin t matcher at di erent valuesof K .

in ngerprin t systems.We are also examining ways to determine the value of
K automatically. It may be necessaryto store di erent number of templates for
di erent users.Future work would involve testing similar techniqueson faceand
hand biometric data.
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