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Abstract 
 

The computational complexity of matching an input 
fingerprint against every entry in a large-scale fingerprint 
database can be prohibitive. In fingerprint indexing, a 
small set of candidate fingerprints is selected from the 
database and only images in this set are compared against 
the input probe fingerprint thereby avoiding an exhaustive 
matching process. In this paper, a new structure named 
“minutiae quadruplet” is proposed for indexing 
fingerprints and is used in combination with a clustering 
technique to filter a fingerprint database. The proposed 
indexing algorithm is evaluated on all datasets in the 
Fingerprint Verification Competition (FVC) 2000, 2002 
and 2004 databases. The high hit rates achieved at low 
penetration rates suggest that the proposed algorithm is 
beneficial for indexing. Indeed, it was observed that for 
50% of the fingerprints, in most of the datasets, the 
penetration rate was less than 5.5% at a 100% hit rate. 
The robust performance across different databases 
suggests that the indexing algorithm can be adapted for 
use in large-scale databases.  
 

1. Introduction 
Two problems associated with human identification in 

large-scale fingerprint databases are (a) a long response 
time due to high computational complexity, and (b) a 
potential increase in false matches with increasing 
database size. Approaches taken to solve these problems 
include fingerprint classification, sub-classification and 
indexing [1]. Fingerprint indexing refers to the assignment 
of a numerical index vector to a fingerprint. The indexing 
mechanism includes a retrieval strategy that is invoked for 
selecting candidate fingerprints from the database (or 
gallery) based on their similarity with the input probe in 
the index vector space. The selected fingerprints constitute 
the candidate list of fingerprints for the given probe. By 
limiting the matching operation to those fingerprints in the 
candidate list and eliminating the need for exhaustive 
matching of the probe with every fingerprint in the gallery, 
indexing methods are able to reduce the response time in 
large-scale fingerprint databases. 

In the literature, techniques employed for fingerprint 
indexing are based on ridge features, ridge pattern or 
structures derived from ridge features [3, 4], minutiae 
features [5, 6, 7], a combination of features [2, 8] or 
matching scores [9]. 

One of the earliest techniques for indexing fingerprints 
based on minutiae triplets [5] uses features such as sides of 
the triangle and minutiae orientation that are highly 
sensitive to fingerprint distortion. This feature set was 
improved in [6] but with the additional cost of introducing 
multiple thresholds that had to be trained on the images in 
the gallery. 

In this work, a new topological structure based on 
minutiae quadruplets is proposed for indexing fingerprints. 
A minutia quadruplet is a quadrilateral formed from a set 
of 4 minutiae points as shown in Figure 1. Compared to 
minutiae triplets, minutiae quadruplets allow for the use of 
features that are less sensitive to distortion. 

 
Figure 1: Sample minutiae quadruplets in a fingerprint image. 

 

2. Features for Indexing 
Given a quadrilateral, several different geometric 

features can be extracted. Initially, a set of 17 different 
features was considered. Based on a systematic evaluation 
process, some of these features were eliminated.  In this 
work, seven features, F = {φ1, φ2, δ1, δ2, ρ1, ρ2, η}, from a 
minutiae quadruplet are proposed for indexing 
fingerprints. The geometrical interpretation of δ1, δ 2, ρ 1, 
and ρ2 is shown in Figure 2.  
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Figure 2: A minutiae quadruplet 
 

2.1. Difference of Internal Angles 
The first two features, φ1 and φ2, are the differences of two 
opposite angles in the quadruplet: 
 

φ1 = θ1 – θ3                (1) 
φ2 = θ2 – θ4,                (2) 

 
where θ1, θ2, θ3 and θ4 are the four internal angles of the 
quadruplet. These differences are more robust to distortion 
compared to the interior angles themselves. When one of 
the vertices changes its position due to distortion in the 
fingerprint image, two of the interior angles change in a 
similar manner and, therefore, their difference may change 
by a very small amount or may even remain unchanged. 

2.2. Diagonals of the Quadruplet 
The second pair of features, δ1 and δ2, are the diagonals 

of the quadruplet. The two diagonals, δ 1 and δ2, can 
tolerate distortions due to one or two minutiae points. If a 
single point or two opposite points are distorted, the length 
of the diagonal opposite to these points does not change. 
Figure 3 shows an example where two opposite minutiae 
points, θ1 and θ3, have changed positions and the length of 
the diagonal δ1 remains the same. 

 

 
 

Figure 3: Change in the position of one or two opposite vertices 
does not affect the length of the diagonal connecting the other 
two vertices. In this figure, the length of diagonal δ1 stays the 
same. 

2.3. Heights of the Parallelogram 
The next pair of features, ρ1 and ρ2, are the heights of the 
inner parallelogram, whose vertices are the midpoints of 
the sides of the quadruplet. 

2.4. Global Feature η 
The last feature is a composite global feature that 
combines the sides and the areas of the quadruplet and the 
parallelogram: 
 

η = 100log10(τν) ,              (3) 
 
where 
  
             (4) 
and 

            (5) 
 
 Ap is the area of the parallelogram, x1, x2, x3 and x4 are the 
lengths of the sides of the quadruplet, Aq is the area of the 
quadruplet, and y1 and y2 are the lengths of the sides of the 
parallelogram. 

The heights of the parallelogram, ρ1 and ρ2, together 
with the lengths of the diagonals of the quadruplet define 
the general shape of the quadruplet. Therefore, η is a 
general description of the shape and the size of the 
quadruplet and is only slightly affected by minutiae 
distortions.  
 
 

 
 
Figure 4: (a) and (b) are quadruplets with similar shapes but 
different sizes, while (c) and (d) are quadruplets with different 
shapes but same sizes. 
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Figure 4 shows four examples in which the quadruplets 
are drawn to scale. The quadruplets in Figure 4 (a) and (b) 
have similar shapes but different sizes and their η varies 
according to their respective sizes. In Figure 4 (c) and (d), 
the quadruplets are very different - though they have the 
same size (quadruplet area = 20.1cm2), the values of η are 
different.  

As shown in our experiments, the global feature, η, can 
be used as a single feature for indexing leading to 
relatively good results. 

2.5.  Types of Quadruplets 
Three types of irregular quadruplets, i.e., convex, 

concave and reflex (crossed), can be formed from four 
vertex points as shown in Figure 5. Concave quadruplets 
were discarded and not used in the indexing experiments 
while all reflex quadruplets were converted to convex. 

 
Figure 5: Irregular quadruplets. The sides are indicated by solid 
lines and the diagonals are indicated by dashed lines. (a) Convex. 
(b) Concave. (c) Reflex. 

3. Proposed Indexing Algorithm 
In the proposed approach, each fingerprint image is 

viewed as a set of quadruplets with each quadruplet being 
represented by the 7 aforementioned features. In the 
discussion below, the term feature vector is used to denote 
the 7 features pertaining to a single quadruplet.  First, we 
use a training set of fingerprint images to construct an 
index space. The feature vectors extracted from all these 
images are clustered using the k-means algorithm [10]. 
The centroids of the clusters, c1, c2, …ck, computed using 
the arithmetic mean, define the index space.  

An indexing string is computed for each image in the 
gallery and stored as a row in a table T. The length of the 
indexing string is the number of clusters in the index 
space. Thus, each column in T corresponds to a cluster 
and each row corresponds to an image from the gallery. 

To construct the indexing string of an input image, its 
quadruplets {qw | w = 1, 2,…Q}, are assigned to the 
clusters generated in the index space using the minimum 

distance rule based on the Euclidean distance: 
 

Assign qw to ck ,  if  k = arg min {l2 (qw , nj ), j = 1..k}  (6) 
 

Here, nj is the centroid of the jth cluster, l2 is the Euclidean 
distance and ck is the cluster id. Each quadruplet is 
assigned to a single cluster. The indexing string is 
constructed by counting the number of quadruplets 
assigned to each cluster. Thus, the indexing string of 
image x is  where  is the number 
of quadruplets from image x which are assigned to cluster 
i, and k is the total number of clusters. We will refer to ai 
as an accumulator for centroid i. 
 
Algorithm for indexing an input image 
 
1. Let x be the input image, {qw |w=1...Q} be the 
quadruplets extracted from X, and {ai, i=1…k} be the 
accumulators for each centroid. 
 
2. Set the accumulators for all centroids to zero. 
3. For each qw 
 Find the closest centroid k using (6) 
 Increment the accumulator for k, e.g., ak=ak+1. 
4. Construct an indexing string S (x) = {a1

x, a2
x ,…, ak

x }.  
5. Insert S(x) and the id of x into T. 

 
During retrieval, an indexing string is created for the 

probe image. Next, a sorted list of clusters in descending 
order of the corresponding accumulators is generated. The 
cluster id on the top of the list corresponds to that cluster 
which was assigned the largest number of quadruplets 
from the probe. This sorted list is used to identify a small 
number of clusters. Specifically, the clusters in the sorted 
list that were assigned 60% of the quadruplets from the 
probe are considered.  

Once the desired clusters are identified, the 
corresponding accumulators from table T are used as votes 
for the gallery image they belong to. The top M gallery 
images having the largest number of votes constitute the 
candidate list. 

 
Table 1: Databases used to create the index space for each 
evaluation experiment. 

 

Database used to 
create the index 
space 

Database used for evaluation 

FVC 2000 DB1 FVC 2000 DB3,  FVC 2004 DB1, 
FVC 2002 DB1 and DB2 

FVC 2000 DB2 FVC 2002 DB3 
FVC 2002 DB2 FVC 2000 DB1 and DB2 
FVC 2000 DB4 FVC 2002 DB4 
FVC 2002 DB4 FVC 2004 DB4, FVC 2000 DB4 

(c) 
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Algorithm for retrieving candidate images 
 
Let S (x) = {a1, a2 ,…, ak} be the index string of the probe 
p, Q be the number of quadruplets in the probe and TG×k be 
the table storing the accumulators for the images in the 
gallery. 
 
1. Sort S(p) in descending order resulting in a sorted list 
{ai1, ai2, …, aik}. 
2. Find the top r clusters of the probe that contain at least 
60% of the quadruplets. 
3. For each gallery image g sum the accumulators in T 
corresponding to the r clusters. Let the sum be Cg. 
4. Sort Cg for g = 1…G in descending order. 
5. Retrieve the gallery images corresponding to the top n 
Cg values. 
 

Step 2 in the retrieval algorithm greatly reduces the 
number of clusters considered during retrieval, i.e., r ≤ 7 
for most cases. Furthermore, not every identity is assigned 
to every cluster and, therefore, many of the Cg sums will 
be equal to zero. An efficient implementation of Step 4 
should discard all identities for which Cg = 0, prior to 
sorting. 

4. Experiments 

4.1. Experimental Setup 
The databases used for the experiment were the 

Fingerprint Verification Databases (FVC) 2000, 2002 and 
2004 [11, 12, 13] each of which has four datasets - DB1A, 
DB2A, DB3A and DB4A. Each dataset contains 8 images 
for each of 100 subjects making a total of 800 images. 

The dataset used to create the index space was different 
from the dataset used for evaluating the proposed scheme. 
Images of the first 25 subjects in a dataset were used for 
creating the index space. For each indexing experiment, 
the dataset used for creating the index space was chosen 
based on the following criteria: the image resolution was 
the same as the dataset used for evaluation and the 
scanners had similar properties. Five different index 
spaces were created for the 12 databases used in the 
indexing experiments, as shown in Table 1.  

  For each subject, 4 impressions were placed in the 
gallery while the remaining 4 impressions were used as 
probes.  The 4 gallery impressions for a subject were 
selected at random. The VeriFinger SDK was used to 
extract minutiae points from the images. 

For images containing a large number of minutiae 
points, the number of quadruplets may be prohibitively 
large. Therefore, the number of quadruplets for each 
image used in the experiments was empirically limited to 

1200 by removing the largest quadruplets. This was done 
by removing the quadruplets having a diagonal larger than 
a threshold until the number of the remaining quadruplets 
reached 1200. Furthermore, concave quadruplets were not 
used and all reflex quadruplets were converted to convex. 
Reducing the number of the quadruplets is performed 
offline for the images in the gallery. 

The number of clusters, k, used in the experiments was 
50 for each dataset. This number was chosen empirically 
as a compromise between high penetration rates (for k~30) 
and low hit rates for (k~100). 

4.2. Evaluation of Indexing Performance 
Indexing performance can be measured using two 

factors: the hit rate and the penetration rate. The hit rate 
denotes the fraction of probes for which the selected 
candidate list contains the correct identity, and the 
penetration rate denotes the average length of the 
candidate list retrieved for each probe.  

5. Results 
The results of the experiments on the 12 databases are 

reported in Figures 6, 7 and 8. For each experiment, the 
following three scenarios were considered: datasets in 
their original form; datasets with 20% spurious minutiae; 
and datasets with 20% missing minutiae. In each plot, the 
labels ending with N, M and S, represent the original, the 
missing and the spurious minutiae sets, respectively. 

An important result of the proposed approach is the 
consistently low penetration rate at a hit rate of 100% 
which varies from 18.25% to 35.25% in the original 
minutiae sets, from 24.50% to 39.00% in the 20% missing 
minutiae sets, and from 34.75% to 57.5% for the 20% 
spurious minutiae sets.  

Furthermore, deleting 20% of the minutiae points did 
not degrade the performance substantially. This shows that 
the minutiae quadruplets are robust to low quality images.  

The results of the experiments with spurious minutiae 
are acceptable despite the generous quantity of randomly 
generated spurious data that were added to all the 
fingerprints. This shows that the minutiae quadruplet 
features are robust to a certain degree of noise in the 
fingerprints. 

Finally, the results are similar across all databases 
showing the robustness of the proposed technique to 
different scanners. 

An experiment in which the global feature, η, alone was 
used for indexing, led to penetration rates of 12.25% and 
38% at 80% and 100% hit rates, respectively, on FVC 
2000 DB1. 
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Figure 6: Performance on FVC 2000 DB1, DB2, DB3 and DB4 databases using the original minutiae data (N), 20% missing minutiae 
(M) and 20% spurious minutiae (S).  

 

 
Figure 7: Performance on FVC 2002 DB1, DB2, DB3 and DB4 databases using the original minutiae data (N), 20% missing minutiae 
(M) and 20% spurious minutiae (S). 
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Figure 8: Performance on FVC 2004 DB1, DB2, DB3 and DB4 databases using the original minutiae data (N), 20% missing minutiae 
(M) and 20% spurious minutiae (S). 
 
 
Table 2: Average penetration rates when using Minutiae Quadruplets, Low-order Delaunay Triangle (LoD) [7] and Minutiae 
Triplets [6] at hit rates of 99% and 100%. The evaluation protocol was based on [7]. 
 

 99% hit rate 100% hit rate 
FVC databases (DB1) 2002 2004 2002 2004 
Minutiae Quadruplets 11.2% 11.8% 11.8% 12.0% 
Low-order Delaunay Triangle [7] 8.1% 10.0% 18.1% 20.9% 
Minutiae Triplets  [7] (based on [6]) 23.6% 27.2% 38.1% 40.9% 

 

6. Comparison of Minutiae Quadruplets 
with Other Fingerprint Indexing 
Techniques 

The proposed technique is compared with three other 
fingerprint indexing techniques; Minutiae triplets [6], 
Low-order Delaunay triangle [7] and Composite sets of 
reduced SIFT features [14].  

The proposed technique based on quadruplets was 
evaluated on FVC 2002 DB1 and 2004 DB1, and 
compared with Liang et al.’s [7] results on minutiae 
triplets and low-order Delaunay triangles.  For this 
comparison, we follow the testing scenario of Liang et al 
[7] and use the first three images for each subject as 
gallery images and the rest as probes. Table 2 shows the 
average penetration rates of minutiae triplets, low-order 
Delaunay triangle [7] and minutiae quadruplets at 99% 
and 100% hit rates.  

The proposed technique was also compared with the 
method based on composite sets of reduced SIFT 

features [14]. For this comparison on the FVC 2000 DB2 
database, the first image of each subject was enrolled in 
the gallery and the rest of the images were used as 
probes, as done in [14]. 

Table 3 shows the average penetration rate of Shuai et 
al.’s method [14] compared with minutiae quadruplets at 
a 100% hit rate. 

 
Table 3: Average penetration rates when using Minutiae 
Quadruplets and SIFT features on FVC 2000 DB2. The 
evaluation protocol was based on [14]. 
 
  99% hit rate 100% hit rate 
Minutiae Quadruplets 19% 26% 
 SIFT Features [14] 21% 91% 

 
In Table 3, the average penetration at a hit rate of 

100% is 26.33% for Minutiae Quadruplets and 91% for 
SIFT Features. 
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7. Conclusions 
In this paper, the use of minutiae quadruplets has been 

proposed for indexing fingerprints. The consistent 
performance of the proposed method on the FVC 2000, 
2002 and 2004 databases (set A) indicates that the 
proposed technique is database-independent. 
Experiments on fingerprints with spurious minutiae 
points and fingerprints with missing minutiae show that 
the technique is reasonably robust. The retrieval strategy 
is computationally inexpensive and the proposed method 
has small storage requirements. Further analysis is 
necessary to leverage the proposed technique into 
operational systems. Based on the experiments 
conducted in this work, it is apparent that minutiae 
quadruplets are a viable alternative to minutiae triplets 
for indexing. 
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