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Abstract—In a fingerprint identification system, a per-
son is identified only by his fingerprint. To accomplish this,
a database is searched by matching all entries to the given
fingerprint. However, the maximum size of the database is
limited, since each match takes some amount of time and
has a small probability of error. A solution to this prob-
lem is to reduce the number of fingerprints that have to
be matched. This is achieved by extracting features from
the fingerprints and first matching the fingerprints that
have the smallest feature distance to the query fingerprint.
Using this indexing method, modern systems are able to
search databases up to a few hundred fingerprints.

In this paper, three possible fingerprint indexing fea-
tures are discussed: the registered directional field esti-
mate, FingerCode and minutiae triplets. It is shown that
indexing schemes that are based on these features, are able
to search a database more effectively than a simple linear
scan. Next, a new indexing scheme is constructed that is
based on advanced methods of combining these features. It
is shown that this scheme results in a considerably better
performance than the schemes that are based on the indi-
vidual features or on more naive methods of combining the
features, thus allowing much larger fingerprint databases
to be searched.

Keywords—image processing, fingerprint image classifi-
cation, database search, multiple classifiers.

I. Introduction

Several problems can be defined in the context of
fingerprint recognition, being verification, identifica-
tion and classification. The term recognition is used
as a general term that encompasses all three kinds of
tasks.
Verification (or authentication) systems use a fin-

gerprint to verify that a person really is the person
who he or she claims to be. So, these systems re-
ceive two inputs: the claimed identity of the person
requesting authentication and a fingerprint. The iden-
tity is used to retrieve a reference fingerprint stored in
a database, which is matched (compared) to the cur-

rently offered fingerprint (the test fingerprint). This
results in a measure of similarity on which the decision
is based.
Identification systems on the other hand, only re-

ceive one input, a fingerprint. This might for instance
be used to check whether new users are already known
by the system with another name, or to identify non-
cooperative users. In this case, the system has to
search a database for a matching fingerprint. This
task is also referred to as one-to-many matching. If a
matching fingerprint is found, this identifies the per-
son.

A naive identification system would just compare
the given fingerprint to all entries in the database.
However, for databases of realistic size, two closely
related problems are encountered when using this ap-
proach. Since many matches are performed, the re-
quired processing time will be far too long and the
identification performance will be far too low. This is
illustrated by a simple example.

Consider the identification of a fingerprint in a
database of n = 10, 000 entries. The first performance
measure is the system penetration coefficient P , which
measures the expected number of comparisons to be
made [1].

P =
E[number of comparisons]

n
(1)

The naive matching system compares the query fin-
gerprint to all entries in the database, so P = 1. A
fast matching algorithm, requiring only tmatch = 100
milliseconds per match, needs P · n · tmatch = 103 s,
which is almost 17 minutes, for this task.

The second performance measure is the false ac-
ceptance rate (FAR), which measures the probability
that the fingerprint of an impostor is accepted by the
system. A one-to-one matching algorithm that has a
very good performance of FAR = 10−4, will find on
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average n·FAR = 1 false match in this database, while
the probability of false acceptance over the whole
database FAR1:n = 1−(1−FAR)n = 0.63. Obviously,
these performance figures are not acceptable for any
identification system. On the other hand, the false re-
jection rate (FRR), which is the probability that the
fingerprint of an authorized person is rejected, is not
influenced by one-to-many matching.

To reduce these problems, classification is used [1].
All fingerprints in the database are classified and they
are stored in partial databases per class. The query
fingerprint is also classified, and is only matched to
the ni fingerprints in that part of the database that
contains fingerprints of the corresponding class i. The
effect is two-fold, as illustrated by continuing the pre-
vious example. Assume that there are 100 equally-
sized classes and ni = 100 for all i. Then, the system
penetration coefficient is reduced to P = 10−2 and, if
no classification errors are made, the processing time
is reduced to P ·n·tmatch = 10 s. Furthermore, the av-
erage number of false matches will be ni ·FAR = 0.01
and FAR1:ni = 10−2.

A well-known set of classification categories is
formed by the Henry classes. They consist of 5 classes
related to global fingerprint patterns, shown in Fig-
ure 1. However, since this classification scheme con-
tains only 5 classes and 90 % of all fingerprints be-
longs to only 3 classes, the reduction of the size of the
database to be searched is not very large.

The state-of-the-art classifiers at the moment per-
form at an error rate of about 6% for the Henry
classes. This means that for 6% of the query prints,
the corresponding print is not found correctly in the
database, due to classification errors. Alternatively,
20% of the query fingerprints is rejected for classifi-
cation, resulting in an error rate of 1%. The effect
of the rejection is that for 20% of the fingerprints the
entire database has to be searched, while still 1% of
the prints is not identified, due to classification errors
[2].

To overcome some of these problems, a continuous
classification scheme is proposed in [3]. Again a fea-
ture vector is extracted from the fingerprints. Instead
of classifying a feature vector and matching the query
fingerprint to all prints in the corresponding class, now
the fingerprint is first matched to those fingerprints of
which the feature vector is most similar. For this in-
dexing method, the maximum part of the database to
be searched is adjustable.

Continuous classification slightly increases the per-
formance, but is still not acceptable for commercial

use in large databases. In realistic modern finger-
print identification systems, the size of the fingerprint
database is limited to a few hundred entries for rea-
sonable performance and identification time [4]. Fur-
ther improvement of the performance can be expected
from the combination of multiple features for index-
ing, which is the topic of this paper.

The rest of this paper is organized as follows. First,
in Section II, a number of possible fingerprint indexing
features are discussed, being the registered directional
field estimate, FingerCode and minutiae triplets. It is
shown that indexing schemes that are based on these
features are able to search a database more effectively
than a simple linear scan. Next, in Section III, a new
indexing scheme is constructed that is based on ad-
vanced methods of combining these features. In Sec-
tion IV, experiments are presented showing that this
scheme results in a considerably better performance.

II. Indexing Features

A fingerprint is a pattern of curving line structures,
called ridges, where the skin has a higher profile than
its surroundings, called the valleys. In most finger-
print images, the ridges are black and the valleys are
white. It is possible identify a number of features in
a fingerprint.
• The directional field (DF) is defined as the local

orientation of the ridge-valley structures. Therefore,
it describes the coarse structure, or basic shape, of
a fingerprint. In [5], [6], algorithms are presented
for estimation of the directional field. An example
of the DF is shown in Figure 2(a).

• The singular points (SPs) are the discontinuities in
the directional field [7]. Two types of SPs exist. A
core is the uppermost point of the innermost curving
ridge, and a delta is a point where three ridge flows
meet. An example of a core is shown in Figure 2(a).

• The minutiae provide the details of the ridge-valley
structures. Automatic fingerprint recognition sys-
tems use the two elementary types of minutiae that
exist, being ridge-endings and bifurcations. Some-
times composite types of minutiae are also used. An
example of a minutiae set is shown in Figure 2(b).
Due to measurement noise and elastic distortions,

fingerprints cannot be compared by just calculating
the cross-correlation or the Euclidean distance of the
gray scale images. Therefore, features are extracted
from the fingerprints that are more invariant to the
distortions. Choosing the best feature is the most
important part of the design of a identification system
and greatly affects the performance and accuracy of
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(a) Whorl (b) Left Loop (c) Right Loop (d) Arch (e) Tented arch

Fig. 1. Examples of the five Henry classes.

(a) DF and core (b) Minutiae

Fig. 2. Fingerprint with directional field, singular points
and minutiae.

the system. A good feature vector should have the
following properties:
• discriminating over large number of fingerprints,
• invariant for rotation, displacement and plastic dis-

tortions,
• compact,
• easily computable.

In this section, a number of possible features that
can be used for indexing fingerprint databases are dis-
cussed.

A. Directional Field

The most straightforward feature that describes the
shape of a fingerprint is to use the directional field
estimate directly. In order to keep the feature vector
relatively small, the DF is calculated blockwise, which
means that only one DF value is calculated in each
block of for instance 16 × 16 pixels.

Each element in the DF is represented by a vector

of 2 components that points in the direction of the
local ridge orientation. The resulting vectors are con-
catenated to form a feature vector. Next, the dimen-
sionality of this feature vector is reduced by the ap-
plication of the principal component analysis (PCA)
or Karhunen-Loève transform (KL) [8]. This method
removes the redundancy and noise, while maintaining
the maximum amount of information in the feature
vector. We found that a feature vector length of 30
gave the best results.

It is important that the DF estimates are registered
well, which means that they are exactly aligned. For
this task, the uppermost core is used. However, in
some cases, this might not be easy to achieve. First,
live-scanned fingerprints only capture a small area of
the entire fingerprint. Therefore, some singular points
may fall outside the actual image. Second, an arch
(see Figure 1(d)) does not contain any singular points,
and an alternative registration point has to be defined.
Third, a DF that is estimated from a bad-quality fin-
gerprint image, may contain a number of false SPs.
They can possibly be eliminated by high-resolution
segmentation methods [9].

Similar feature vectors have been used by others as
well for fingerprint classification. In [10], this feature
vector is the input for a probablistic neural network
for Henry classification. In [4], this feature vector is
used for indexing databases. However, a multi-space
Karhunen-Loève (MKL) approach is used for calcu-
lation of the distances to the Henry classes, and this
new feature vector is used for indexing the database.

B. FingerCode

The second feature vector we will use for indexing
is the FingerCode [11], [12]. This method filters the
fingerprint image by a bank of Gabor filters that are
tuned to different orientations. Next, the fixed-length
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feature vector, which is called FingerCode, is com-
puted as the standard deviation in a number of sec-
tors, which is indicative of the overall ridge activity
in a certain orientation in that sector. It is expected
to capture both global and local characteristics of the
fingerprint image.

Calculation of the FingerCode from a fingerprint
image is done as follows. First the reference point is
determined. Again, the uppermost core can be used.
Then, the fingerprint image is filtered by a bank of
Gabor filters that are oriented in eight directions. Fi-
nally, for each filtered image the standard deviation
of the gray values is computed in a number of prede-
fined sectors around the reference point. The vector
of standard deviations is called the FingerCode.

With the proper parameters, the Gabor filters are
able to reduce noise while preserving the ridges, val-
leys and minutiae. An even symmetric Gabor filter is
defined as:

G(x, y; f, θ) = G′(x′, y′, δx, δy) · cos(2πfx′), (2)

where G′(x′, y′, δx, δy) = e−0.5((x
′2/δ2

x)+(y
′2/δ2

y)), x′ =
x sin θ+y cos θ, y′ = x cos θ−y sin θ, f is the frequency
of the sinusoidal plane wave along the direction θ from
the x-axis and δx and δy are the space constants of the
Gaussian envelope along x- and y-axes.

It turns out in practice that the best value for the
filter frequency f equals the average ridge frequency.
As the average inter-ridge distance is approximately
10 pixels, the value for f will be set to 0.1. Further-
more, 8 values of θ are equally spaced from 0 to π
with respect to the x-axis. The values for δx and δy

are empirically determined and set to about half the
inter-ridge distance. Before the filtering is applied,
the fingerprint image is normalized to compensate for
intensity variations due to pressure variations.

Around the core, 3 concentric circular regions of 20
pixels wide, which is approximately twice the inter-
ridge distance, are defined and each region is divided
in 16 sectors. This is illustrated in Figure 3. The im-
mediate region around the core is not used, because
the sectors would be too small and would not have
enough pixels to calculate a reliable standard devia-
tion. The standard deviations of each filtered image
in each sector form the 384-dimensional feature vec-
tor that is called the FingerCode. An example Fin-
gerCode is shown in Figure 4, where each disk corre-
sponds to one filtered image.

FingerCode has already been used in a fingerprint

Fig. 3. FingerCode: region of interest around the core,
divided in 48 sectors.

Fig. 4. Example of a 384-dimensional FingerCode

matching system [12] and for the classification of fin-
gerprints in Henry classes [11], using a two-stage clas-
sifier which uses a K-nearest neighbor classifier in the
first stage and a set of neural networks in the sec-
ond stage. In this paper, we will demonstrate the use
of FingerCode as a feature for indexing fingerprint
databases.

C. Minutiae Triplets

The third feature vector is based on minutiae
triplets. The algorithm has been proposed in [13] and
slightly adapted in [14]. The algorithm first identifies
all minutiae triplets in a fingerprint. Each triplet de-
fines a triangle, from which various geometric features
are extracted. One can for instance use the length
of the sides, the angles, etc. Next, the similarity to
another fingerprint is defined by the number of ap-
proximately corresponding minutiae triplets that can
be found by rigid transformations. An example of two
matching fingerprints and the corresponding minutiae
triplets is shown in Figure 5.
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Fig. 5. Matching fingerprints and corresponding minutiae
triplets.

Instead of comparing the extracted triplets to each
fingerprint, the authors use the Flash algorithm which
constructs hash tables for fast indexing in a database.
This is possible since, for each triplet, it is only nec-
essary to determine whether the triplet is present in
the other fingerprint or not.

The construction of the hash table is done as fol-
lows. A table is constructed that contains a cell for
the quantized feature vectors of all possible triplets.
Next, for all fingerprints in the database, the triplets
are extracted and the ID of the fingerprint is added
to the list in each cell that corresponds to a triplet
that is found. The result is that each cell in the table
contains a list of all fingerprints in which its corre-
sponding triplet is present.

Using this table, indexing does not require a large
amount of computation. Given a query fingerprint,
all triplets are extracted and for each triplet, the list
of fingerprints in which that triplet is present, is re-
trieved. A simple count of the occurrences of the fin-
gerprints in all retrieved lists determines the ranking
used for indexing.

III. Combining Features

When a number of different classifiers are available
for a specific classification task, they will in general
complement each other. Each classifier will misclas-
sify different inputs, especially when they base their
decisions on different feature vectors. This effect can
be exploited by combining the decisions of the clas-
sifiers in order to improve the classification perfor-
mance.

The outputs of different classifiers can be combined
at several output levels. In single class combination,
the winning class outputs of the classifiers are com-

bined. In ranked list combination, the new indexing
is derived from the output rankings of the individ-
ual classifiers. In measurement level combination, the
probabilities of the different classes as reported by the
classifiers, are combined directly [15].

In this paper, we consider the problem of contin-
uous classification. In that case, each fingerprint in
the database is defined as a different class. This is
a classification problem with as many classes as the
number of fingerprints in the database. Therefore,
the correct class may not be the highest-ranked class
for any of the classifiers. For this reason, single class
combination is unlikely to be successful. Ranked list
combination has a better chance for success provided
that the correct class is sufficiently often close to the
top of the list.

There exist several methods of combining ranked
lists from different classifiers, aiming at achieving a
new ordered list in which the true class is ranked
higher than at the original lists. This is called class
set reordering [16]. The highest rank method is good
when there are many classes and only a small num-
ber of classifiers, each of which specializes on inputs
of a particular type. The new rank of a class is the
highest of the ranks that are given by the individual
classifiers. The Borda count is a generalization of the
majority vote, which provides a consensus ranking.
The Borda count for a class is the sum of the number
of classes ranked below it by each classifier, and the
new ranking is given by rearranging the classes so that
their Borda counts are in descending order. Logistic
regression is a modification to the Borda count such
that different weights are given to the scores produced
by each classifier.

Another interesting concept in combining ranked
lists is class set reduction. There are two methods of
class set reduction that both aim at reducing the num-
ber of classes in the output list without losing the true
class. The first method determines for each classifier
the worst ranking ever given to the true class in the
training set. When using the classifier, classes that re-
ceive a lower rank than this threshold are discarded.
The second method determines for each training ex-
ample the best ranking over all classifiers and stores
that value with the best classifier. Then, for each
classifier, the worst of all best rankings is determined.
Each possible class is discarded if its ranking is worse
than this threshold for each classifier.

Combination of the classifier outputs at the mea-
surement level provides even more information than
combining ranked lists. In [17] it has been shown that
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the sum rule, which sums or averages the posterior
probabilities of the classes, is the most robust combi-
nation method for multiple classifiers. However, one
difficulty arises when applying this combination rule
to classifiers that do not output posterior probabili-
ties. This is the case with the classifiers we use, which
output distance and similarity measures. These quan-
tities first have to be transformed to posterior prob-
abilities before the combination rule can be applied.
One possible method of doing this is to use a Gaussian
function of the distance, but then an issue remains
how to choose the optimal scale parameter σ.

In [2], the combination of the measurement level
outputs of different classifiers has been applied to in-
dexing fingerprint databases. In that paper, two in-
dexing features are combined by taking a weighted
average of a non-linear function of the two feature-
distances. It has been shown that this increases the
performance of the indexing scheme. However, the
increase of performance is only significant for small
parts of the database to be searched. When higher
matching rates are required, the combination does not
perform better than the individual classifiers.

IV. Experimental Results

We have run our experiments on the second
database of the FVC2000 contest [18]. This database
contains fingerprint images that are captured by a ca-
pacitive sensor with a resolution of 500 pixels per inch,
resulting in images of 364 × 256 pixels in 8 bit gray-
scale. In this database, 110 untrained individuals are
enrolled, each with 8 prints of the same finger. The
first of these prints is used to construct the database,
while the other seven prints are used to test the clas-
sification performance.

Since our singular point detection algorithm [7], [6]
still detects some false singular points, the registration
points that are used in the DF-based and FingerCode
algorithms have been validated manually. In 13 % of
the fingerprints, the registration point has been cor-
rected, while 1% of the fingerprints has been rejected
since no registration point could be found.

A. Single Features

The results of the identification of the remaining 7
prints, using the three indexing features of Section II
are shown in Figure 6. The vertical axis depicts the
cumulative percentage of prints which are correctly
identified when searching the part of the database
shown on the horizontal axis. Some of these results
are also summarized in Table I.
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Fig. 6. Classification performance of the algorithm that
are based on only one feature.

The results of our DF-based method are better than
the results found in [4]. This might be explained by
the fact that we have manually changed the registra-
tion point for 13% of the fingerprints.

Calculating a FingerCode from an image takes
about 40 seconds on a 450 MHz pentium II proces-
sor when using a prototype implementation in MAT-
LAB. This is considerably longer than calculating the
feature vector based on the directional field, which
takes about 15 seconds. Opportunities to speed up
the implementation of the FingerCode method exist,
but have not been investigated yet.

The method that is based on minutiae triplets per-
forms much worse than the results that were reported
in literature. In [14], 100% of the fingerprints is found
in the top 10 of a database of 400 fingers. However,
when searching 2.5% of our database, only 77% of the
fingerprints is found. A possible explanation of the
discrepancy may be that some aspects of the imple-
mentation are not explicitly mentioned in [14].

B. Multiple Features

Next, a number of experiments have been per-
formed to investigate the effect of using a combination
of multiple features for indexing the database. All
combinations of 2 and 3 features were combined by
the highest rank and Borda count methods. The re-
sulting indexing performances are shown in Figures 7
and 8. The most interesting results are summarized
below and shown in Table I.
• The best performance is achieved by combining all

three features by means of highest rank. Using this
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Fig. 7. Indexing performance of multiple features using
highest rank.
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Fig. 8. Indexing performance of multiple features using
Borda count.

TABLE I
Indexing performance: penetration coefficient

by various matching rates.

Features 90% 95% 99% 100%
Directional Field 5% 10% 23% 65%
FingerCode 2% 6% 47% 62%
Triplets 16% 51% 94% 100%
DF + FC + Tri, HR 2% 3% 9% 18%

TABLE II
Indexing performance: average part of the

database to be searched.

Features Incl. match Excl. match
None 50.45% 49.54%
Directional Field 2.58% 1.67%
FingerCode 2.40% 1.49%
Triplets 7.27% 6.36%
DF + FC + Tri, HR 1.34% 0.43%

method, 100% match is found when using a pene-
tration coefficient of only 18%, while the lowest pen-
etration coefficient for single features is achieved by
FingerCode with 62% search for 100% match.

• For all combinations of features, highest rank out-
performs Borda count. This can be explained by
the fact that we use many classes and only a few
classifiers.

• The combination of all three features by highest
rank performs better than the individual features,
while the combination of all three features by Borda
count performs worse than the individual DF and
FingerCode features.

• Adding minutiae triplets to any combination of
features does not improve the performance signif-
icantly. For combination by means of Borda count,
this even decreases the performance. The applica-
tion of logistic regression might solve this problem
by assigning a smaller weight to the minutiae triplet
classifier.
The results that are shown in Table I indicate the

size of the part of the database that has to be searched
in order to achieve a fixed probability that the corre-
sponding fingerprint is found. However, the size of
this part can be reduced by stopping the search once
a match is found. This provides another measure of
the indexing performance, which is shown in Table II.

The first column of this table shows the average
size of the part of the database to be searched until
the corresponding matching fingerprint is found. The
use of a single feature reduces this part from approx-
imately 50% to approximately 2.5% of the database,
while the combination of features further reduces the
size of the partition to less than 1.5%.

However, this part includes the actual matching fin-
gerprint, which occupies 0.9% of a database of 110
fingerprints. The average number of non-matching
prints that has to be searched, which is responsible
for the increased FAR, is reduced to less than 0.5% of
the database by combining multiple features. Com-
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pared to a simple linear search, this allows the size of
databases to be 100 times as large, while maintaining
the same FAR and FRR.

V. Conclusions

In this paper, three possible fingerprint index-
ing features have been discussed: the registered di-
rectional field estimate, FingerCode and minutiae
triplets. It has been shown that indexing schemes
that are based on these features are able to search a
database more effectively than a simple linear scan.

Next, a new indexing scheme has been constructed
that is based on combining these features. It has
been shown that especially the highest rank combi-
nation of DF, FingerCode and minutiae triplets re-
sults in a considerably better performance than the
schemes that are based on the individual features.
Compared to a simple linear search, this allows the
size of databases to be 100 times as large, while main-
taining the same FAR and FRR. A further improve-
ment might be achieved by using logistic regression
as combination rule and by the additional use of class
set reduction.
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