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This study extends the conventional fingerprint recognition from a supervised to an 

unsupervised framework. Instead of enrolling fingerprints from known persons to iden-
tify unknown fingerprints, our aim is to partition a collection of unknown fingerprints 
into clusters, so that each cluster consists of fingerprints from the same finger and the 
number of generated clusters equals the number of distinct fingers involved in the col-
lection. Such an unsupervised framework is helpful to handle the situation that a collec-
tion of captured fingerprints are not from the enrolled people. The proposed fingerprint 
clustering system operates by first computing the similarities between fingerprints and 
then grouping together the fingerprints deem similar to each other using the hierarchical 
agglomerative clustering approach. To determine the optimal number of generated clus-
ters, which represents the number of involved distinct fingers, we propose a criterion 
based on the minimum Rand index. Experiments conducted using FVC2002 database 
and NIST Special Database-4 show that feasibility of the proposed fingerprint clustering 
method. 
 
Keywords: clustering, fingerprint, Rand index, unsupervised learning 
 
 

1. INTRODUCTION 
 

Fingerprints have been widely used in personal identification for hundreds of years. 
As the increasing demand on various security and privacy applications nowadays, it is 
gaining importance in the development of automatic techniques for fingerprint 
recognition [1-4]. In general, fingerprint recognition can be divided into two categories: 
verification and identification, where the former aims to determine whether a captured 
fingerprint belongs to a particular person, whereas the latter aims to determine which of 
the persons a captured fingerprint belongs to. Fingerprint identification is usually 
considered tougher than fingerprint verification, since its difficulty increases drastically 
with the increase of the number of enrolled persons and fingerprints in the database. To 
improve the accuracy and efficiency of a large-scale fingerprint identification system, a 
number of methods, such as pre-classification [5,6], indexing [7,8] and retrieval [9,10], 
have been extensively studied. The common strategy is to avoid comparing a captured 
fingerprint with the entire fingerprint database, but with a subset of database instead.  
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 However, although the techniques for large-scale fingerprint identification have 
been more and more effective, they are awkward to handle a situation that the captured 
fingerprints do not belong to any of the persons enrolled in the database. For example, 
suppose there are 100 fingerprints collected in a criminal spot, and unfortunately, all the 
fingerprints come from the people not enrolled in the database. Then, even if all the 
fingerprints are correctly judged as outliers (from unenrolled people) after 100 runs of 
identification, it is of little help to infer the identities of these fingerprints. Under this 
circumstance, further analyses by human examiners, e.g., comparing the fingerprints with 
those collected in other criminal spots, are often required. However, this takes time and 
energy.  

Often, multiple fingerprints captured in a criminal spot may come from the same 
people. And, different but related criminal spots might also contain fingerprints from the 
same people. Thus, if a collection of unknown fingerprints can be partitioned into clusters, 
where each cluster contains only one person’s fingerprint(s), then the human efforts 
required to examine the fingerprints can be greatly reduced to examining each cluster 
only. This motivates our research into developing automatic techniques for clustering 
unknown fingerprints based on their identities. We refer to this task as fingerprint clus-
tering hereafter. 

Given a set of N unknown fingerprints, each comes from one of the P distinct fingers, 
where N ≥ P, and P is also unknown, the specific aim of the fingerprint clustering is to 
produce a partitioning of the N fingerprints into M clusters such that M = P, and each 
cluster consists exclusively of fingerprints from only one finger. In contrast to the con-
ventional supervised fingerprint recognition, which requires an enrollment process to 
establish the templates of each known person, the fingerprint clustering belongs to an 
unsupervised recognition, which is thus not limited to handling the fingerprints of the 
persons enrolled in the database. However, to the best of our knowledge, no prior work 
has been done to investigate this problem. 

In this study, we proposed a fingerprint clustering system, which operates by first 
computing the similarities between fingerprints and then grouping together the finger-
prints deem similar to each other using the hierarchical agglomerative clustering ap-
proach. To determine the optimal number of generated clusters, which represents the 
number of involved distinct fingers, we propose a criterion based on the minimum Rand 
index. Experiments conducted using the FVC2002 database and NIST Special Data-
base-4 show that the number of clusters determined by our system is close to the true 
number of involved fingers. 

The remainder of this paper is organized as follows. In Section 2, we review the re-
lated works on the use of clustering algorithms in the fingerprint-identification problem. 
Section 3 introduces the configuration of the proposed fingerprint-clustering system, and 
defines the metrics for evaluating the performance of fingerprint clustering. The major 
components of the system are then detailed in Sections 4, 5, and 6. Next, we discuss our 
experiment results in Section 7. Finally, we present our conclusions and indicate the di-
rections of our future work in Section 8. 

2. RELATED WORKS 
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As mentioned in Section 1, a number of methods, such as pre-classification [5,6], 
indexing [7,8] and retrieval [9,10], have been extensively studied in attempts to improve 
the accuracy and efficiency of a large-scale fingerprint identification system. Some of 
them also apply clustering algorithms in the fingerprint identification. In 1900, Henry [11] 
proposed a classification method for partitioning large fingerprint databases into five 
classes: right loop, left loop, whorl, arch, and tented arch. After that, numerous 
fingerprint identification applications [12-15] perform initial partitioning according to 
Henry’s classijcation prior to detail comparison of the fingerprint features. However, 
since Henry’s classes are human predefined, there are many ambiguous fingerprints that 
cannot be exclusively classified. In addition, fingerprints are not uniformly distributed in 
the defined classes. It is observed that the proportions of fingerprints in two of the five 
Henry’s classes are below 5%, and hence the pre-classification may not be able to narrow 
down the search space effectively. 

Instead of partitioning fingerprints into human-defined classes, many studies 
propose to classify fingerprints into non-human-defined classes based on fingerprint 
minutiae, orientation field, etc. In [16], a clustering algorithm based on clique graphs is 
used to detect similar minutiae group from multiple template images generated from the 
same finger. The idea is to classify the large number of minutiae generated from the same 
finger to the succinct clusters and choose a representative “core” for each cluster. Then, 
whether a test image comes from the finger is determined according the “core feature 
vectors”. In [17], a fingerprint matching method is developed to deal with non-linear 
distortion problems by clustering locally matched minutiae and warping the fingerprint 
surface using minutiae clusters. In [18], the authors present a clustering algorithm based 
on the adaptive resonance theory neural network to group fingerprints according to its 
minutiae point’s locations. The work also compared their proposed approach with the 
Self Organizing Neural Network clustering algorithm in terms of intra-cluster distances. 
In [19], a fast fingerprint retrieval framework for a large database is proposed using 
clustering-based descriptors of fingerprints. The clustering method is based on k-means 
clustering. In [20], the k-means clustering algorithm is employed to partition the 
orientation feature space into clusters. 

It should be noted that although clustering algorithms have been extensively 
investigated in the fingerprint identification studies, all of them are motived by grouping 
similar fingerprints to reduce the search space, rather than grouping fingerprints from the 
same fingers or people as discussed in our work. In contrast to their works on grouping 
similar fingerprints, which do not need to care about how many clusters should be 
generated, our work must devise an effective method for estimating the best number of 
clusters so that each cluster represents a finger from a particular person. Thus, the major 
contribution of this work is to initiate a pilot study on an unsupervised 
fingerprint-identification framework and develop an automated mechanism for 
determining the number of fingers involving in a fingerprint collection.  

3. SYSTEM CONFIGURATION 

As shown in Fig. 1, the proposed fingerprint-clustering system consists of three ma-
jor components: computation of inter-fingerprint similarities, generation of clusters, and 
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estimation of the number of involved fingers. The similarity computation is designed to 
produce larger values for similarities between fingerprints from the same finger and 
smaller values for similarities between fingerprints from different fingers. Then, clusters 
are generated in a bottom-up agglomerative manner, which sequentially merges the fin-
gerprints deemed similar to each other. The outcome of the agglomeration procedure is a 
cluster tree with the number of clusters ranging from 1 to N. The tree is then cut by de-
termining the optimal number of clusters, which corresponds to the number of distinct 
fingers. 

 

X1 X2 XN

N Fingerprints

Computation of Inter-
Fingerprint Similarities

M Clusters

Generation of Clusters

Estimation of the Number 
of Involved Fingers 

 
Fig.1. The proposed fingerprint-clustering system. 

 

Depending on the application, there are a number of ways to evaluate the perfor-
mance of fingerprint clustering. In this study, we use two metrics: cluster purity [21,22] 
and the Rand index [23,24]. Cluster purity indicates the degree of correct clustering. It is 
represented by the probability that if we pick any fingerprint from a cluster twice at ran-
dom, with replacement, both of the selected fingerprints are from the same finger. Spe-
cifically, the purity of cluster cm is computed by  
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where nm* is the total number of fingerprints in cluster cm, and nmp is the number of fin-
gerprints in cluster cm that are from the p-th finger. From Eq. (1), it follows that n-1

m* ≤ ρm 

≤ 1, in which the upper bound and lower bound reflect that all the within-cluster finger-
prints are from the same finger and completely different fingers, respectively. To evaluate 
the overall performance of M-clustering, we compute an average purity 
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Obviously, a perfect clustering should produce an average purity of one. However, this 
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does not work both ways. The value of the average purity generally increases as the 
number of clusters increases, since the metric does not consider errors that place audio 
clips derived from the same source music in different clusters. Hence, the cluster purity is 
only suitable for comparing the performance of different clustering methods if the number 
of clusters is specified a priori. 

In contrast, the Rand index indicates the degree of incorrect clustering. It is defined 
as the number of fingerprint pairs from the same finger that are placed in different clus-
ters, or fingerprint pairs from different fingers that are placed in the same cluster, i.e., 
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where n*p is the number of fingerprints from the p-th finger. Obviously, the smaller the 
value of R(M), the better the clustering performance will be. The Rand index can be al-
ternatively represented as a mis-clustering rate: 
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Unlike the cluster purity metric, which favors a large M value, the Rand index usually 
decreases with an increase in the value of M initially, and reaches the minimum at M = P. 
When M > P, the Rand index starts to increase as the value of M increases. Hence, the 
Rand index is suitable for comparing the performance of different clustering methods 
involving different numbers of clusters generated. 

4. COMPUTATION OF THE INTER-FINGERPRINT SIMILARITIES  

As a professional fingerprint examiner relies largely on minute details of ridge 
structures, our approach for inter-fingerprint similarity computation is based on the topo-
logical structural matching of minutiae. Fig. 2 shows the procedure of the inter-fingerprint 
similarity computation. It consists of preprocessing, feature extraction, and feature 
matching. The preprocessing component aims to remove non-fingerprint parts while dis-
till those helpful for fingerprint recognition from each fingerprint image. The feature ex-
traction component characterizes each fingerprint as a set of parameters. Finally, the fea-
ture matching component outputs the similarities between fingerprints, by comparing the 
parameters of fingerprints in a pairwise manner. Note that since there have been a co-
pious of studies investigating the problem of measuring the similarities between finger-
prints, this work does not intend to develop a brand new solution to this problem, but 
only to provide an example from numerous possibilities. All the three components for the 
inter-fingerprint similarity computation are derived from some prior work [25-31]. 

Fig. 3 shows the overall flowchart of the preprocessing for each fingerprint. It begins 
by computing the orientation field to help the subsequent processes locate the region of 
interest from a fingerprint image. We apply the gradient algorithm reported in [25] to the 
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computation of the orientation field. In addition, it is assumed that each fingerprint image 
is represented by 8-bit gray scale and there is only one fingerprint present in the image. 
After the orientation field is computed, the fingerprint image is enhanced using the me-
thod in [26], so that fingerprint’s ridges can be more clear and continuous. Then, Otsu 
thresholding method [27] is used to separate fingerprint from its background. However, 
as a fingerprint image resulting from the gray-level thresholding may inevitably contain 
noises like stains, pores, or scratches, we use average filtering to reduce the noises. Fur-
thermore, to improve the contrast between ridges and valleys, which may be degraded by 
average filtering, the fingerprint enhancement method in [26] is used then again. Next, we 
reduce the 8-bit grayscale image to 2-bit black and white image based again on Otsu 
thresholding method [27]. Finally, the fingerprint ridge is thinned into a single pixel 
width using the method in [30], so that it is easier to find the minutiae defined as ridge 
bifurcations and endpoints. Fig. 3 also shows an example of fingerprint after the prepro-
cessing is performed. 

 
 

 

Fig. 2. Procedure of the inter-fingerprint similarity computation. 
 
 

 
In the component of feature extraction, the first step is to detect each fingerprint’s 

minutiae and singular points if available. A singular point is defined as the core and delta, 
where the ridge orientation vanished or discontinued. It can be used to align two finger-
prints when measuring their similarity. In this work, we apply the Poincare index-based 
method in [29] to detect the singular points. The second step is to detect the minutiae. We 
apply the method in [30] to extract the ridge bifurcations and endpoints. Each minutia or 
singular point is denoted by a triplet of parameters: the x- and y-coordinates and the angle 
(θ) between the tangent to the ridge line at the minutia position and the horizontal axis. 

As to the component of feature matching, it is aimed to compare the features of 
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the two fingerprints is measured by counting the number of features that are “consistent” 
between them. Here, the consistency holds if the spatial distance (SD) between two 
aligned features is smaller than a given tolerance φs and the direction difference (DD) 
between the features is smaller than a given tolerance φd: 
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In this study, the features between two fingerprints are aligned using the method in [31]. 
Given the number of consistent features L measured between F(i) and F(j), the similarity 
between fingerprints Xi and Xj can be computed by 
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LS
+

=XX           (7) 

where K(i) and K (j) are the numbers of features in F(i) and F(j), respectively. 
 

5. GENERATION OF CLUSTERS 

After computing the inter-fingerprint similarities, the next step is to assign the finger-
prints deemed similar to each other to the same cluster. This is done by an agglomerative 
hierarchical clustering method [23], which consists of the following procedure: 

1. begin initialize M←N, and form clusters ci←{Xi} , i = 1, 2, . . . , N 
2. do 
3. find the most similar pair of clusters, say ci and cj 
4. merge ci and cj 
5. M←M−1 
6. until M = 1 
7. end 

The similarities between a pair of clusters, say ci and cj, can be derived from the in-
ter-fingerprint similarities, according to one of the following heuristic measures: 
(i) Complete linkage  
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where #(Xn∈ ci, Xk∈ cj) denotes the number of fingerprint pairs involved in the summa-
tion. 
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Fig. 3. Flowchart of the preprocessing. 
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6. ESTIMATION OF THE NUMBER OF INVOLVED FINGERS 

In general, the greater the number of clusters specified, the higher the level of homo-
geneity within a cluster. However, if too many clusters are generated, fingerprints from a 
single finger would spread over multiple clusters; hence, the fingerprint clustering would 
not be complete. Clearly, the optimal number of clusters is equal to the number of in-
volved fingers, which is unknown and must be estimated.  

Consider a collection of N fingerprints to be partitioned into M clusters. The optimal 
value of M must be an integer between 1 and N. Thus, if we produce a set of possible 
partitionings, in which the number of clusters ranges from 1 to N, the task of determining 
the optimal value of M would amount to selecting one of the N partitionings that achieves 
the level of within-cluster homogeneity as high as possible with the number of clusters as 
small as possible. To realize such a selection, we propose estimating the Rand Index for 
each of the possible partitionings, and then select the one that achieves the smallest value 
of Rand Index. This is based on the fact that the Rand index usually decreases with an 
increase in the value of M initially, and reaches the minimum at M = P. When M > P, the 
Rand index starts to increase as the value of M increases. This property motivates us to 
determine the population size by finding the value of M that achieves the minimal Rand 
Index.  

Recalling the Rand Index in Eq. (3), the first term in the right side of the equation, 
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where δ(⋅) is a Kronecker Delta function, hi is the index of cluster where the i-th finger-
print is located, and oi is the true attribute of the i-th fingerprint. Note that hi, 1 ≤ i ≤ N, is 
an integer between 1 and M, if M clusters are generated. The term δ(oi, oj) in Eq. (11) is 
then approximated by the similarity between Xi and Xj: 
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where Smax is the largest of the similarity measures S(Xi, Xj), ∀ i ≠ j, which is used to 
making the value of ),(ˆ

ji ooδ  between 0 and 1. In addition, recognizing the inevitable 

difference between δ(oi, oj) and ),(ˆ
ji ooδ , we introduce a factor α in the estimation of 

the Rand index, which results in a criterion 

( ) ( )∑∑∑
= ==

−=
N

i

N

j
jiji

M

m
m oohhnMR

1 11

2
* ,ˆ,2)(ˆ δδα .      (10) 

Hence, the optimal number of clusters can be determined by 
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7. EXPERIMENT RESULTS 

7.1 Data 
 

The fingerprint images used in this study stem from two databases: the DB3 of FVC 
2002 [32] and NIST Special Database-4 [33]. The DB3 of FVC 2002 consists of 800 
fingerprint images collected from 100 distinct fingers using capacitive sensors, 8 impres-
sions each. We further divided the database into two subsets, denoted by DB3-A and 
DB3-B, where the former consists of the first four impressions of each finger, and the 
latter consists of the last four impressions of each finger. Thus, each subset contains 400 
fingerprint images from 100 distinct fingers. The NIST Special Database-4 contains 4000 
fingerprints, taken from 2000 different fingers with two instances per finger. 
 
7.2 Results 
 
7.2.1 Examining the validity of the inter-fingerprint similarity computation 

Before evaluating the performance of the proposed fingerprint-clustering system, our 
first experiment was conducted to validate the inter-fingerprint similarity computation. 
The parameters φs and φd in Eqs. (5) and (6) were set to be 22  and 2° empirically. 
Through the use of DET plot [34], we can estimate the false acceptance rate (FAR) and 
false rejection rate (FRR) of a fingerprint-verification system based on our in-
ter-fingerprint similarity computation, where FAR reflects the likelihood of grouping 
fingerprints from different fingers into the same cluster, and FRR reflects the likelihood 
of grouping fingerprints from the same fingers into the different clusters. Fig. 4 shows 
the DET curves with respect to FVC2002 DB3-A and DB3-B. The equal error rate 
(EER), which FAR = FRR, falls between 4% and 8%. Although the performance of our 
inter-fingerprint similarity computation is not comparable with that of the state-of-the-art 
method reported in [35], it is our aim to examine the feasibility of fingerprint clustering, 
given the imperfect inter-fingerprint similarity computation.  
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(a) Subset DB3-A 
 

(b) Subset DB3-B 

Fig. 4. DET curves obtained with our inter-fingerprint similarity computation. 
 
7.2.2 Evaluating the clustering performance, given that the number of fingers is known 

Next, we evaluated the performance of the proposed fingerprint-clustering system. In 
this experiment, we assumed that the number of fingers involved in a fingerprint collec-
tion is known, which means the number of clusters to be generated is given a priori. This 
allows us to examine the performance of the second component of our system, namely, 
the generation of clusters. 

Table 1 shows the results of partitioning 400 fingerprint images in each subset of 
DB-3 into 100 clusters. We can see from Table 1 that the performance of the system va-
ries significantly with the selection of different inter-cluster similarity measurements. In 
the case of clustering the fingerprints in DB-3A, average linkage performs better the other 
two linkages, whereas in the case of clustering the fingerprints in DB-3B, average linkage 
performs worst among others. The performance obtained with single linkage is between 
the two extremes in clustering each subset. 

Table 1. Results of partitioning 400 fingerprints in FVC2002 DB3 into 100 clusters. 

 (a) 400 fingerprints in DB3-A 

Inter-cluster Similarity Measurements Purity Rand index 
Complete linkage 0.82 0.31 
Average linkage 0.90 0.16 
Single linkage 0.84 0.29 

 
(b) 400 fingerprints in DB3-B 

Inter-cluster Similarity Measurements Purity Rand index 
Complete linkage 0.92 0.11 
Average linkage 0.81 0.37 
Single linkage 0.87 0.25 
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Fig. 5 shows the resulting purity and Rand index as a function of the varied number 
of clusters. The inter-cluster similarity measurement used in this experiment was single 
linkage, since its performance is somewhat more stable than the others. Here, we only 
show the case of clustering the 400 fingerprints in DB3-A, because the results for the two 
subsets are similar. We can see from Fig. 5 that the value of purity increases as the num-
ber of clusters increases. When 235 clusters were generated, we obtained a purity of 1.0. 
However, it is obvious that such a clustering result is not perfect, since multiple finger-
prints from the same fingers are placed in different clusters. On the other hand, we can 
see from Fig. 5 that the value of Rand index decreases with the increase of the number of 
clusters in the beginning, but increases gradually after an excess of clusters is created. 
The minimum of Rand index appears near1 the number of involved fingers, which is 
however, usually unknown and needed to be estimated. 
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Fig. 5. The resulting purity and Rand Index as a function of varied number of clusters. 

7.2.3 Evaluating the clustering performance, given that the number of fingers is un-
known 

We then examined the system under the condition that the true number of fingers is 
unknown and must be estimated. To simulate various numbers of fingers involving in a 
data collection, we further divided each subset of DB3 into four overlapping groups in-

                                                 
1 As the clustering is usually not perfect, the minimal value of the Rand index may not located exactly at the 
true number of the involved fingers. 
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volving different numbers of fingers. The relationships between groups are shown in Fig. 
6. We conducted clustering experiment for each groups separately, in order to examine if 
the optimal numbers of clusters determined using Eq. (11) could be close to the true 
number of fingers in each group. The value of α was determined to be 0.35, based on the 
observations on clustering the five groups in subset DB-3B.  

 

 

Fig. 6. Four groups of fingerprint data involving different numbers of fingers. 

 
Fig. 7 shows the values of )(ˆ MR  in Eq. (10) with respect to different number of 

generated clusters. We can observe that the minimum value of )(ˆ MR  is located close to 
the true number of distinct fingers involving in each group. Table 2 shows the results of 
clustering each group in DB3-A, according to α  = 0.35 tuned using DB3-B. For the 
ease of comparison, we also list the clustering results obtained by setting the number of 
generated clusters to be the true number of fingers, i.e., column "# Clusters = True # 
Fingers". It can be seen from Table 2 that the optimal number of clusters determined 
automatically (“estimated # Fingers”) is around the true number of fingers involved in 
each group, despite a slight overestimate. We can also see from Table 2 that the purities 
and Rand indices achieved with the estimated numbers of fingers are close to those 
achieved with known numbers of fingers.  

For the purpose of performance comparisons, we also implemented two existing ap-
proaches for determining the optimal number of clusters, one is based on the maximum 
lifetime criterion [23], and the other is based on the longest lasting cluster set [36]. Table 
3 summarizes the clustering results for DB3-A. We can see from Table 3 that the esti-
mated numbers of clusters based on the maximum lifetime criterion are not steadily close 
to the true numbers of clusters. Specifically, the approach fails to deal with the first, 
second and fourth subsets. On the other hand, we can also see from Table 3 that the ap-
proach based on the longest lasting cluster set largely over-estimates the true numbers of 
genres. By contrast, it is clear from Table 3 that the proposed approach outperforms the 
two existing cluster validity approaches. 
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Lastly, we examined the proposed system using a larger data set, the NIST Special 
Database-4. It is aimed to test if the system can generate 2000 clusters; each contains two 
fingerprints from the same finger. Table 4 shows the clustering results. Since the data set 
is larger than DB-3A, we can see from Table 4 that the resulting purity and Rand index 
were poorer than those shown in Table 3. The optimal number of clusters estimated by 
the proposed method is 1908, which is close to the true number of involved fingers. By 
contrast, the optimal numbers of clusters estimated by the maximum lifetime criterion 
and the longest lasting cluster set are far from acceptable. Overall, although the cluster-
ing results obtained with the proposed system were not perfect, most of the fingerprints 
from the same fingers were grouped into the same clusters. This confirms validity of the 
proposed the feasibility of using unsupervised clustering to index unknown fingerprints. 
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Fig. 7. Values of (M)R̂  in Eq. (10) with respect to different number of clusters, M. 
 

(a) Group 1: 40 fingerprints from 10 distinct fingers (b) Group 2: 80 fingerprints from 20 distinct fingers  

(c) Group 3: 200 fingerprints from 50 distinct fingers (d) Group 3: 400 fingerprints from 100 distinct fingers  
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Table 2. Results of clustering the fingerprints of the four groups in DB3-A. 

Group 
#  

Fingerprints 
True # 
Fingers 

# Clusters = 
True # Fingers 

# Clusters = 
Estimated # Fingers 

Purity 
Rand 
index 

Estimated 
# Fingers Purity 

Rand 
Index 

1 40 10 0.99 0.01 11 0.99 0.01 
2 80 20 0.95 0.06 23 0.98 0.07 
3 200 50 0.91 0.11 58 0.96 0.12 
4 400 100 0.84 0.29 114 0.89 0.30 
 
 
 

Table 3. Comparisons of the proposed method, maximum lifetime criterion [23], and 
longest lasting cluster set [36] for determining the optimal number of clusters in DB3-A. 

G
roup 

# 
Fin gerprints

True # 
Fingers 

The Proposed Method Maximum Lifetime 
Criterion 

Longest Lasting Clus-
ter Set 

# Fingers 
Estim

ated 

Purity 

R
and index

# Fingers 
Estim

ated 

Purity 

R
and index

# Fingers 
Estim

ated 

Purity 

R
and Index

1 40 10 11 0.99 0.01 32 0.99 0.48 27 0.99 0.42 
2 80 20 23 0.98 0.07 41 0.99 0.43 33 0.99 0.22 
3 200 50 58 0.96 0.12 55 0.95 0.11 78 0.98 0.39 
4 400 100 114 0.89 0.30 74 0.71 0.40 202 0.99 0.45 

 
 
 
 

Table 4. Results of clustering the 4000 fingerprints in the NIST Special Database-4. 
The true number of fingers involving in the database is 2000. 

The Proposed Method Maximum Lifetime Criterion Longest Lasting Cluster Set 

Estim
ated 

# Fingers

Purity 

R
and Index

Estim
ated 

# Fingers

Purity 

R
and Index

Estim
ated 

# Fingers

Purity 

R
and Index

1908 0.83 0.31 1095 0.61 0.51 3168 0.98 0.54 
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8. CONCLUSION 

We have extended the conventional fingerprint recognition problem from the super-
vised classification to an unsupervised clustering paradigm. Instead of enrolling finger-
prints from known persons to identify unknown fingerprints, the proposed system aims to 
partition unknown fingerprints into clusters, such that fingerprints from the same fingers 
can be identified. This system is beneficial to deal with the fingerprints from the persons 
not enrolled in the database. We have proposed a fingerprint clustering system, which 
operates by first computing the similarities between fingerprints and then grouping to-
gether the fingerprints deem similar to each other using the hierarchical agglomerative 
clustering approach. To determine the optimal number of generated clusters, we have 
proposed a criterion based on the minimum Rand index. Experiments show that the num-
ber of clusters determined by our system is close to the true number of distinct fingers 
involved in the fingerprint data, indicating that our system is capable of identifying fin-
gerprints from the same unknown persons.  

Despite the potential, the methods proposed in this study can only be regarded as a 
preliminary investigation in realistic fingerprint clustering applications. To be of more 
practical use, more work is needed to study the effectiveness and efficiency of clustering 
a large scale of fingerprint collection. In particular, it may be necessary to deal with the 
images containing multiple overlapping and non-overlapping fingerprints. Hence, tech-
niques for segmenting and separating multiple fingerprints from an image would need to 
be further investigated. 
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