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__________________________________________________________________________________________ 

Abstract 
 
In recent years, law enforcement personnel have greatly been aided by the deployment of 
Automated Fingerprint Identification Systems (AFIS). These systems largely operate by 
matching salient features automatically extracted from fingerprint images for their decision. 
However, there are two major shortcomings in current systems. First, the result of 
identification depends primarily on the chosen features and the algorithm that matches them. 
Second, these systems cannot improve their results by benefiting from interactions with 
seasoned examiners who often can identify minute differences between fingerprints beyond 
that is capable of by current systems. In this paper, we propose a system for fingerprint 
identification that incorporates relevance feedback. We show that a persistent semantic space 
over the database of fingerprints can be incrementally learned. Here, the learning module 
makes use of a dimensionality reduction process that returns both a low-dimensional 
semantic space and an out-of-sample mapping function, achieving a two-fold benefits of data 
compression and the ability to project novel fingerprints directly onto the semantic space for 
identification. Experimental results demonstrated the potential of this learning framework for 
adaptive fingerprint identification. 
 
Keywords: Learning framework; Adaptive information processing; Fingerprint identification; 
Relevance feedback 
__________________________________________________________________________________________ 
 

 

1. Introduction 
 
Biometric authentication based on a person’s anatomical and behavioral traits is gaining 

acceptance as a method for uniquely verifying one’s real identity (Wayman et al., 2005). 
Among these biometric traits, fingerprint, face, speech, iris and hand geometry are the most 
commonly used. Biometric authentication systems have been applied with successes in a 
number of real world applications in law enforcement, border control, welfare services, etc. 
An early application of this technology was the Automated Fingerprint Identification System 
(Hrechak and McHugh, 1990).   
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Because the size of a fingerprint database can be large (e.g., more than 2.6 millions ten 
print records in the Australian AFIS database), an effective approach to narrow down the 
database to a much smaller subset of the database to speed up the entire identification process 
is imperative. One such approach is based on the notion of classification. At present, two 
kinds of classification techniques are dominant. The first tries to identify to which fingerprint 
class (such as arch, loop, whorl, etc.) a particular fingerprint belongs, while the second 
attempts to decide which fingerprints (or impressions of the same finger) in the database a 
novel fingerprint might be similar. These two techniques are being called exclusive and 
continuous classification in the relevant literature (Lumini et al., 1997), respectively. 

 
No matter if one is dealing with exclusive or continuous classification, there are two 

major problems with current AFIS. First, the result of identification depends solely on the 
features selected and the algorithm that matches them. This occurs because the designer of 
both features extraction and matching algorithms is often not the same as the user. Second, 
there is no way of having these systems adapt their outcomes to expert examiners, who often 
can identify minute differences between fingerprints. In other words, an AFIS is a “black 
box” system that they have no explicit way to interact with to refine the results. In summary, 
most AFIS have a static processing architecture that lacks a functionality to capture and use 
knowledge of expert examiners in constructing the identification outcome. As an illustration, 
a simplified model of such current generation systems is shown in Figure 1. 

 
In Figure 1, due to both the Features Extractor and the Pattern Matcher being fixed, there 

is no way for improving the identification result even if impressions of the same finger as the 
unknown fingerprint did not turn up initially in the top N images of the ranking list. The user 
would be misled in judging that such a finger/identity does not exist in the database based 
only on the direct outcome of the system. Such a problem could potentially be improved if 
feedbacks from an expert examiner on the relevance or irrelevance of certain fingerprints are 
captured and the system recalculates the ranking list accordingly. Here, we emphasize that 
the power to accept or reject the outcome of relevance feedback lies with the expert user. 

 

 
 

Fig. 1. A simplified model of current automated fingerprint identification systems 
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In this paper, we propose a system for fingerprint identification that incorporates 
relevance feedback. We show that a persistent semantic space over the database of 
fingerprints can be incrementally learned. Whereas relevance feedback has been extensively 
researched and applied in document retrieval and more recently in content-based image 
retrieval (Zhou and Huang, 2003), not much has been reported on integrating relevance 
feedback into biometric authentication systems both in research and in practice. One reason 
could be that in order for biometric authentication to benefit from relevance feedback, a 
supervised setting is necessary which is not possible in many deployment scenarios. However, 
in the case of an automated fingerprint identification system, the operating requirement 
makes it a suitable application for novel integration of relevance feedback and biometric 
authentication.  

 
The remaining of this paper is organized as follows. In Section 2, an overview of the 

learning framework will be given. This is meant to provide the blueprint for explaining its 
major components in subsequent sections. In Section 3, the algorithm for extracting the 
fingerprint features used in this research will be briefly summarized. In Section 4, the major 
components of the learning framework will be explained. In Section 5, experimental 
evaluation of the learning framework will be presented. Lastly, in Section 6, we will conclude 
and mention future directions. 

 
 

2. Overview of Learning Framework 
 

The proposed learning framework is made up of three main components, including Input 
Space Transformation, Relevance Feedback, and Semantic Space Learning. The framework 
is designed to be loosely rather than tightly coupled with other modules of the host system as 
shown in Figure 2. As a result, it could be integrated as an add-on module in an existing 
system with some customization.  

 
Besides the three major components mentioned above, an important element of the 

learning framework is the input space X from which the persistent semantic space will be 
learnt. By a sequence of relevance feedback from an expert examiner, the state of the input 
space will be transformed. The source of data that forms the basis for constructing the initial 
input space is the set of extracted features, one for each fingerprint in the database. They are 
obtained by processing the corresponding fingerprint images by the Features Extractor 
module of the host system. Inside such module, a sequence of image processing steps are 
normally performed, like image enhancement, segmentation of fingerprint regions, detection 
and extraction of fingerprint features, and possibly mapping features to numeric values.  

 
In this work, each fingerprint is represented as a features vector of numeric values due to 

the features extraction algorithm we used in the experiments. Under this representation, each 
of the fingerprints can be considered a point in a high-dimensional Euclidean space of 
dimension D. The distance between any pair of fingerprints, i and j, can thus be measured 
by the Euclidean distance (i.e., ||vi – vj||2) of their difference vector. Based on these distances, 
an m-by-m real-valued distance matrix can be obtained (m being the number of fingerprints 
currently in the database), which is the representation used in this work to encapsulate the 
state of input space X. A practical concern would be the size of the distance matrix when m 
becomes large. One approach for dealing with this problem involves pre-classifying the 
database into smaller discrete sub-categories. 
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Fig. 2. Relationship of the proposed learning framework with modules of the host system 
 
 

The proposed framework provides a novel mechanism by which an expert examiner can 
choose to incorporate his/her subjective knowledge into the construction of a persistent 
semantic space over the fingerprint database. There are several steps in the execution of this 
mechanism, which are summarized as follows. 

 
First, input to the learning framework is in the form of a fingerprint x, either by random 

selection from the database or taken from an unknown identity. These are denoted as Mode 1 
and Mode 2 in Figure 2, respectively. Mode 1 is useful if the examiner chooses to incorporate 
additional knowledge into the formation of his/her persistent semantic space without being 
presented with an unknown identity. In such case, no features extraction is needed as the 
fingerprint is drawn from the database. In Mode 2, the examiner is being presented with a 
fingerprint from an unknown identity. In this case, features of the unknown fingerprint will 
be extracted by the host system before being passed to the learning framework. 

 
Second, an expert examiner interacts with the learning framework via the Relevance 

Feedback component. Regardless of whether it is operating in Mode 1 or Mode 2, based on 
the fingerprint selected, the framework returns a subset of fingerprints (excluding x) that are 
similar based on the nearest neighbor criterion. The examiner indicates as positive examples 
those fingerprints that are judged similar based on detailed observations. The negative 
examples are those that are judged dissimilar. Given the positive and negative examples, the 
corresponding entries in the distance matrix (the representation we used in this work) will be 
adjusted by the Input Space Transformation component, thereby transforming the input space 
X. The relevance feedback loop repeats until the examiner decides to exit. The outcome is a 
distance matrix that has learnt the semantic judgment of the expert examiner. 
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Third, based on the transformed distance matrix, the Semantic Space Learning component 
will either construct (if initially) or update the persistent semantic space of the expert 
examiner. To accomplish this objective, in this paper we apply dimensionality reduction (DR) 
(Fodor, 2002) and its associated techniques in the following manner. The learning of the 
persistent semantic space is modeled as a DR process in which the input space corresponds to 
the D-dimensional features space and the semantic space to a lower-dimensional embedding 
space of dimension d (d<<D). Two advantages can be achieved by this modeling. First, the 
amount of computation that is required to operate in a high-dimensional features space can be 
significantly reduced by the data compression gained from DR. This makes both the learning 
and use of the semantic space more efficient. Second, by utilizing a suitable DR method that 
supports additionally out-of-sample extension (Bengio et al., 2004), a mapping function ƒ that 
can project an unknown fingerprint onto the semantic space without repeating the learning 
process can be obtained. Altogether, these advantages enable the learning framework to 
achieve the required efficiency. 

 
Fourth, based on the state of the semantic space, a list of M fingerprints that are closest to 

the input can be identified. In the case of Mode 2 where the main objective is to decide if the 
unknown fingerprint is similar to any fingerprints stored in the database, this interim list will 
be passed to the Pattern Matcher module of the host AFIS. By the pattern matching process, a 
top N ranking list will be returned as the identification result to the expert examiner for 
his/her acceptance or rejection. 

 
 

3. Extraction of Fingerprint Features 
 

In this research, we made use of a fingerprint features extraction algorithm proposed in 
Jain et al. (2000). It employs both global and local ridge characteristics to construct a fixed 
length vector for every fingerprint called FingerCode. Several recent papers that similarly 
combine global and local features in their algorithms include Gu et al. (2006), Ceguerra and 
Koprinska (2002), Altun and Kocer (2008), Wang et al. (2008), and Srihari and Srinivasan 
(2008). Each FingerCode is comprised of an ordered enumeration of the features extracted 
from the local ridge characteristics contained in each sub-image or sector specified by a 
tessellation. Thus, each sector captures the local information and the ordered enumeration of 
the tessellation captures the invariant global relationships among these local patterns. Finally, 
Gabor filters are applied to decompose the local discriminatory characteristics in each sector 
into bi-orthogonal components based on their spatial frequencies.  

 
In summary, this algorithm consists of the following four processing stages, which are 

illustrated in Figure 3: 
(1) Locate a reference point in the fingerprint image; 
 
(2) Extract and tessellate the region of interest into sectors around the reference point; 
 
(3) Spectral decomposition in eight different directions using a bank of Gabor filters; 
 
(4) Compute the FingerCode based on individual sectors in the filtered region of interest. 
 
The FingerCode used in this study is a vector of length D = 512. As the features 

extraction algorithm is not the focus of this paper, we refer interested readers to the original 
paper (Jain et al., 2000) for additional details. 
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Fig. 3. Extraction of fingerprint features by multi-spectral decomposition using a bank 
of Gabor filters aligned in eight different directions including {0o, 22.5o, 45o, 

67.5o, 90o, 112.5o, 135o, 157.5o}. All images are shown in half their original sizes. 
 
 

4. Proposed Learning Framework 
 

We have adopted a machine learning approach in this research. While some machine 
learning systems were designed to operate independent of human intuition and intervention, 
the proposed learning framework makes use of a collaborative approach between human 
(expert examiners) and machine (fingerprint identification system) in materializing adaptive 
fingerprint identification. In this section, each of the three main components of the proposed 
learning framework will be explained. 
 
 
4.1. Input Space Transformation 
 

As described in the previous section, in this work each fingerprint is represented by a 
fixed length features vector called FingerCode. Due to this representation, it is natural to 
consider these vectors as points in a Euclidean space of a dimension D that corresponds to 
the length of each vector. The distance between any pair of fingerprints, i and j, can thus be 
measured by their Euclidean distance as: 
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Based on these pair-wise distances, the semantics of the input space can be encapsulated by 
an m-by-m real-valued distance matrix dij = ||vi – vj||2, where m is the number of fingerprints 
that are involved. This is the representation of the input space that is adopted in this work. 
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The main function of this component of the learning framework is to transform the 
topology among objects of the input space through iteratively updating the distance matrix 
(Schultz and Joachims, 2004). The amount of updating is determined by the subjective 
knowledge input by the expert examiner as captured by the Relevance Feedback component, 
which will be described in the next section. Below, we will present three simple yet related 
methods for updating the entries of the distance matrix. We will later compare their effects on 
the identification accuracy empirically in the section on Experimental Evaluation. 

 
As mentioned above, we denote the distance matrix by dij = ||vi – vj||2, where ||vi – vj||2 is 

the Euclidean norm for the difference vector of fingerprints i and j in the input space X. For 
an input fingerprint x, in one round of relevance feedback a list of nret (a system parameter 
set according to the examiner’s preference) most similar fingerprints in the database will be 
retrieved and shown to the examiner. From the list, the examiner will indicate as positive 
examples that he/she considers similar and negative examples that are dissimilar. The sets of 
positive and negative examples are denoted by R = {r1, r2, …, rs}and W = {w1, w2, …, wt} 
respectively, with nret = s + t. In addition, there is an adjustable parameter   (0,1 that is 
used for increasing or decreasing the entries of the distance matrix. The default values for 
nret and  used in our experiments were 10 and 0.8, respectively. 

 
Method 1: 
In this method, only the distances between fingerprint x and the negative examples are 
increased. In other words, we will update the distance matrix as follows: 
 


t

t

xw
xw

d
d  ,   and  .xwxw tt

dd    Wwt             (2)  

 
The distances between fingerprint x and the positive examples remain unchanged. 
 
Method 2: 
Similar to Method 1, the distances between fingerprint x and the negative examples are 
increased according to Eq. (2). In the case of Mode 1 (cf. Figure 2), by further exploiting the 
class label information for fingerprints that are already in the database, in this method 
fingerprints that belong to the same finger as x but are not included in the nret most similar 
fingerprints returned will have their distances from x reduced according to Eq. (3): 
 

  xzxz dd  and ,xzzx dd           listnrettopzxclassz      (3)  
 
Method 3: 
In this method, two assumptions were made. The first assumption was positive examples 
share common semantics and therefore their mutual distances should be decreased. The 
second assumption was positive and negative examples have a high possibility of being 
different (He et al., 2004). As a result, their distances should be increased. These two 
assumptions led to the following pair of updating rules: 
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It is noteworthy to mention that the distance matrix is only one method of encapsulating 
the semantics of an input space. While it is not a goal in this paper to systematically compare 
the relative performances of different representations, we note that in recent years a number 
of research efforts have proposed alternate representations that are more suitable in certain 
situations. One of these is by using a kernel as similarity measure, thereby resulting in a 
kernel Gram matrix that captures the pair-wise similarity among objects in a potentially very 
high-dimensional input (or features) space (Scholkopf and Smola, 2001). Another 
representation would be the use of a pure metric space (Yianilos, 1993) where only the pair-
wise distances are known, while the geometrical properties of a Euclidean space is not 
required.  

 
 

4.2. Relevance Feedback 
 

In the proposed learning framework, an expert examiner interacts with the fingerprint 
identification system via the Relevance Feedback component. Relevance feedback, an 
important adaptive information processing technique, was first applied in document retrieval 
during the 1960s (Rocchio, 1966). It was later adapted and used in content-based image 
retrieval (CBIR) that began around early to mid-1990s. In its most common form, relevance 
feedback involves polling the user for feedback on the relevancy of the current retrieval 
results. Based on the feedback, the system learns and improves its performance in the next 
round, iteratively if necessary. However, there is one fundamental difference between 
relevance feedback in the two cases. Whereas document retrieval relies purely on symbolic 
representation, it is often unlikely to obtain a precise high-level symbolic representation for 
images automatically because the low-level features extracted like shape, colour, texture, etc. 
could be inadequate for high-level content-based retrieval tasks. Though far from perfect, 
relevance feedback algorithms developed in the last two decades have been able to 
dramatically improve the performance of a number of CBIR systems including (Rui et al. 
1998; Guo et al., 2002). As most fingerprint identification systems work mainly with images, 
relevance feedback can be expected to improve their performance by drawing on the 
successes of CBIR research. 

 
As described earlier, the learning framework has two modes of operation at present. For 

the initial formation and subsequent updating of the semantic space, Mode 1 is used. In this 
mode, a fingerprint x in the database can either be picked randomly or chosen by the 
examiner. Based on the fingerprint selected, a subset of fingerprints (excluding x) that are 
similar based on closest distances is returned by the Input Space Transformation component. 
Through the graphical user interface (GUI), the examiner marks as positive examples those 
fingerprints that are judged visually similar according to his/her experiences. The negative 
examples are those that are judged dissimilar. These information are passed back to the Input 
Space Transformation component where the corresponding entries in the distance matrix will 
be decreased or increased accordingly. The relevance feedback loop repeats until the 
examiner decides to exit the current “learning” session. The outcome is a transformed 
distance matrix that has integrated the subjective knowledge of the fingerprint examiner. It is 
noteworthy that the method of capturing relevance feedback depends on the user model 
(greedy vs. cooperative) for which a system is designed to emulate (Salton and Buckley, 
1990). Whereas a greedy user expects the most positive results after each iteration of 
relevance feedback, a cooperative user is willing to provide more feedbacks, sometimes 
spanning multiple iterations before seeing the results. In this work, the expert examiner is 
modeled as a cooperative user when providing his/her relevance feedback. 
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INPUT: m  m distance matrix,  nret,  
OUTPUT: updated m  m distance matrix 
 
bool exit = FALSE; 
 
while (not exit) 
   if (examiner selects an image) 
        x  selected image; 
   else 
       generate a random number; 
       select an image x from the database; 
   end 
 
   display the nearest nret images to image x based on smallest distances (excluding x); 
   the examiner marks both positive and negative examples; 
 
   /* Use “Method 3” of Section IV (A) as an illustration */ 
   for (positive examples i and j) 
          update their entries in the distance matrix by dji  dij  dij  ; 
   end 
   for (positive example i and negative example j) 
          update their entries in the distance matrix by dji  dij  dij / ; 
   end 
 
   if (the examiner is satisfied) exit = TRUE; end 
end 
 
return updated distance matrix; 

Below, we summarize the relevance feedback process by the pseudo code given in Figure 
4. The inputs include the m-by-m distance matrix, a parameter nret indicating the number of 
fingerprints included in the feedback, and a parameter  that determines how much the entries 
of the distance matrix will be increased or decreased. The method of updating the distance 
matrix is one of the three methods described in the previous section. 

 
 

 
 
 
 
 
 
 
 
 

    

 

 

 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 4. Pseudo code of the relevance feedback process 
 
 
4.3. Semantic Space Learning 

 
As mentioned in Section 2, in this study the learning of the persistent semantic space is 

modeled as a DR process that projects the higher-dimensional input features space onto a 
lower-dimensional semantic space. The two-fold benefits are data compression and a 
mapping mechanism that can project an unknown fingerprint onto the semantic space without 
repeating the entire learning process. This is used when the learning framework is operating 
in Mode 2 in which the fingerprint examiner is being presented a fingerprint of an unknown 
identity x’. Taking its feature vector as input, the learning framework projects it onto the 



 
 

 

 

 
10

semantic space by using the learnt mapping function. From this, the closest M fingerprints 
can be identified and passed as input to the Pattern Matcher module of the host system to 
obtain the top N ranking list for the examiner’s evaluation. 

 
Whereas traditional linear methods like Principal Component Analysis (PCA) (Jolliffe, 

1986) and Linear Discriminant Analysis (LDA) (Lachenbruch and Goldstein, 1979) have 
been used in DR, a number of new techniques (Tanenbaum et al., 2000; Roweis and Saul, 
2000; Belkin and Niyogi, 2002; Guo et al., 2006; Guo et al., 2008) have been proposed 
recently for dealing with the inherent non-linearity that exists in the relational structure 
among complex objects like those of biometric data. In addition to the lower-dimensional 
representation for the input data, some of the DR methods can return a direct out-of-sample 
mapping function by which novel input can be projected onto the embedding or latent space 
(Bengio et al., 2004) while others make use of estimation techniques that are more 
universally applicable. 

 
In this research, due to our choice of representing the input space as a distance matrix, we 

have selected two representative methods, namely Multi-Dimensional Scaling (MDS) (Cox 
and Cox, 2001) and Laplacian Eigenmaps (LE) (Belkin and Niyogi, 2002), as candidates for 
the learning of the persistent semantic space because they make use of the distance matrix in 
their DR process. The former is a global non-linear method while the latter is a local non-
linear method, according to the taxonomy given in (van der Maaten et al., 2008). However, as 
both of these methods do not return an out-of-sample mapping function directly, we resort to 
using an estimation technique described in Teng et al. (2005) to achieve the similar objective. 

 
In order to assess the improvement in identification accuracy due to relevance feedback, 

we will compare the results obtained by MDS and LE (both employing relevance feedback) 
with PCA and Locality Preserving Projections (LPP) (He and Niyogi, 2004) (both not 
employing relevance feedback) in our empirical experiments. On the one hand, the reason for 
selecting PCA in our comparison is that it is often used as a benchmark while being able to 
return a linear mapping function for projecting novel input onto the semantic space. On the 
other hand, the reason for including LPP in our comparison is that while it employs a distance 
matrix (an extension of LE) in its DR process, it is not required to have the matrix updated. 
Furthermore, it can return a linear mapping function for out-of-sample extension directly. 

 
For the sake of completeness, in the rest of this section we will summarize the main ideas 

behind PCA, MDS, LE and LPP that we will use in our experimental evaluation. Interested 
readers are referred to (van der Maaten et al., 2008) for a comparative review of DR 
including these four methods. 

 
With no loss of generality, the following notations will be adopted. The data in the input 

space are denoted by xi (i = 1, . . . ,N) while yi (i = 1, . . . ,N) their mappings in a low-
dimensional embedding space. In addition, X and Y will be used to denote respectively the set 
of input fingerprints and their corresponding embeddings in the semantic space. Furthermore, 
xi · xj denotes the inner product of xi and xj , while yi · yj is defined similarly for yi and yj . 

4.3.1. Principal Component Analysis (PCA) 

Principal Component Analysis (PCA) (Jolliffe, 1986) is perhaps the most widely used 
algorithm for DR. It considers the covariance of the input data and their embeddings by 
minimizing the following reconstruction error: 
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The observations xi, i = 1,…,N are centered by subtracting the mean from them. 

4.3.2. Multi-dimensional Scaling (MDS) 

Multi-dimensional Scaling (MDS) (Lachenbruch and Goldstein, 1979) was the first DR 
algorithm to apply a linear method to embed high-dimensional data in a low-dimensional 
Euclidean space. From this, a number of variations were introduced. Some of them were 
relatively more complicated and could even be adapted to nonlinear settings. However, no 
matter the degree of their complexity, the underlying idea was simple. The objective is to 
minimize the difference between the similarity relations represented in the high-dimensional 
space and its lower-dimensional embedding. More formally, the original algorithm was 
designed to minimize the difference between two inner products: 

 

 
ij

jiji xxyy 2)(    (9)  

 
where xi (i = 1, . . . ,N) denote the data in the input space and yi (i = 1, . . . ,N) their 
embeddings as mentioned earlier. 

4.3.3. Laplacian Eigenmaps (LE) 

Laplacian Eigenmaps (LE) (Belkin and Niyogi, 2002) attempts to preserve proximity 
relations in the input data. This is accomplished by capturing the proximity information in a 
neighborhood graph G used in minimizing the reconstruction error defined by: 

 
2

 
i j

jiji yGy    (10)  

 
where Gij is the ij-entry of the adjacency matrix derived from the graph G with 1 for 
connected edges and 0 otherwise. The neighborhood graph G is constructed by referring to 
the k-nearest neighbor criterion. That is, if xj is one of the k-nearest neighbors of xi, there will 
be an edge connecting xi and xj. Note that the adjacency matrix G constructed may not be 
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symmetric. It is normalized so that each row is summed to 1. In essence, the neighborhood 
graph G depicts the similarity relations that are to be produced in the embedding space. 
 

Furthermore, the weights of the graph are evaluated by an exponential decay function that 
reveals the relations among the data. The weight matrix W containing the proximity 
information is included in an objective function to be minimized: 

 
2





ij

iiij yyW     (11)  

 
where Wij is the ij-entry of the weight matrix W. 

4.3.4. Locality Preserving Projections (LPP) 

Locality Preserving Projections (LPP) (He and Niyogi, 2004) attempts to combine the 
benefits of both linear and local non-linear techniques by finding a linear mapping that 
minimizes the objective function of Eq. (11). The linear mapping is obtained by computing 
the eigenvectors and eigenvalues of the following generalized eigenvector problem:  

 
 TT XDXXLX     (12)  

 
where  
 


j

jiii WD        (13)  

 
is a diagonal matrix whose entries are either row or column sums of the symmetric matrix W,  
 

WDL     (14)  
 
is the graph Laplacian matrix. The columns of X are the input data. 
 

By solving Eq. (12), a matrix V whose columns l ,...,, 21  are the ordered eigenvectors 
corresponding to their eigenvalues l  ...21  can be obtained. The mapping is thus: 

 
,i

T
i xVy   and  lV  ...21    (15)  

 
where yi is a l-dimensional vector. 

 
 

5. Experimental Evaluation 
 

To demonstrate the potential of the proposed framework, a group of six experiments were 
conducted on a subset of the MCYT-Fingerprint-100 (Ministerio de Ciencia y Tecnologı´a, 
Spanish Ministry of Science and Technology) sub-corpus collected by the Biometric 
Research Laboratory – ATVS of the Universidad Politecnica de Madrid under the MCYT 
project (Ortega-Garcia et al., 2003). The MCYT-Fingerprint-100 sub-corpus is consisted of 
ten prints, each having 12 impressions, of 100 people taken using two different acquisition 
devices, making a total of 24,000 (100  10  12  2) fingerprints.  
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For our experiments, we randomly select 50 fingers out of the sub-corpus, resulting in a 
database of 1,200 (50  12  2) fingerprints. In most except for one of our experiments, 1,100 
fingerprints (i.e., 11  2 impressions from each finger) will comprise the training set while 
the remaining 100 fingerprints as the test set. We use three parameters nc = 50, ns = 24, and 
tns = 22 to denote the number of fingers (or classes), the total number of impressions for each 
finger, and the number of impressions for each finger in the training set, respectively. 

 
In conducting our experiments, we addressed the limitation of not being able to involve 

users at this stage who are expert examiners in their daily work. To overcome this limitation, 
in our experiments we developed a software module to simulate the quality of relevance 
feedback (right versus wrong decisions) that would have been given by either a normal or a 
strong expert. To accomplish this, in our simulation we made use of a random variable r 
generated from a normal distribution with mean  = 0 and standard deviation  = 1 that obeys 
the 68-95-99.7% rule. For each fingerprint that appears in the list of most similar fingerprints 
to the input after each iteration of relevance feedback, we decide if the expert will make a 
right or wrong decision based on the following two simple decision rules: 

 
normal expert:  r   1 (right),   r   1  (wrong)  (16)  

 
strong expert:  r   2 (right),   r   2  (wrong)  (17)  

 
In other words, for similar fingerprints that were wrongly judged as dissimilar, their 

distances from the novel input will be increased (divide by ) while dissimilar fingerprints 
that were incorrectly judged as similar, their distances will be decreased (multiply by ). 
Furthermore, to ensure that our experimental results are repeatable, the following three 
conditions were adhered consistently in our experiments: 
 
(1) A sequence of fingerprints (each identified by a unique number in the database) was 

generated beforehand and used in those experiments that involve relevance feedback. 
 
(2) The dimensionality of the semantic space (d = 6) is estimated by a Maximum Likelihood 

Estimator (Levina and Bickel, 2005) based on training set, and used in our experiments. 
 
(3) Other than one experiment, Method 2 (described in Section 4.1) is applied in updating the 

distance matrix. 
 
Lastly, in all our experiments, we use  = 0.8, k = 12 as the number of nearest neighbors 
applied in MDS, LE and LPP to construct the neighborhood graph in their DR process. 
 
 
5.1. Experiment #1 
 

This experiment is meant to compare visually the mapping of the set of FingerCode 
vectors from the input space (D = 512) to the semantic space (d = 6) by the four DR methods 
applied in this study, namely PCA, MDS, LE and LPP. It shows that these methods, while 
capable of significant data compression, could result in different configurations for their low 
dimensional semantic space. This is due to algorithmic differences such as preserving global 
and/or local proximity, distance functions, whether or not neighborhood information is used 
in the DR process, discrete or continuous mapping, etc. 
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 Before OOS After OOS 

PCA 

 

MDS 

LE 

LPP 

 

Fig. 5. Let column plots the initial semantic space in the first two dimensions for 7 of 
the 50 fingers used in experiments for sake of illustration. Right column plots the 

updated semantic space after projecting the test set (some highlighted by red 
dotted circles) using Out-of-sample (OOS) extension. 
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As a result, this will affect the initial similarity list that will be presented to the user for 
relevance feedback and the result of OOS extension. OOS extension is used in this work 
because it has the advantage of projecting novel fingerprints directly onto the semantic space. 

 
In Figure 5, the left column plots the relational structure among fingerprints in 2-

dimension for only 7 of the 50 fingers included in the test set. The right column shows the 
results after projecting the test set additionally onto the initial semantic space using each 
method’s OOS extension. For ease of distinguishing, some of the test set are highlighted by 
dotted circles on the right column. 

 
5.2. Experiment #2 
 

In this experiment, we attempt to compare the difference between a normal and a strong 
expert by their effects on the identification accuracy measured using the k-NN classification 
errors in our simulation. The k-NN classification error is computed based on the low-
dimensional semantic space for the test set of 100 fingerprints projected using OOS. As there 
are 22 fingerprints in the training set for each class, we vary k from 1 to 22 in order to assess 
the error rates due to the number of fingerprints from the same class that might appear in the 
k-nearest neighbor of each test fingerprint. 

 
The left sub-figure of Figure 6 shows the result of the normal expert while the right sub-

figure the result of the strong expert, respectively. In these figures, only the two methods 
namely MDS and LE that have incorporated relevance feedback into their DR process are 
shown. The baseline is k-NN classification error in the initial Euclidean space as it quantifies 
the number of fingerprints of the same class that is needed to decide the label of a test finger. 
Here, a suffix like “rf_10” meant the result obtained after 10 iterations of relevance feedback.  

 
By comparing the plots of Figure 6 visually, we observe no significant difference in the 

trend of k-NN classification errors between a normal and a strong expert (as defined earlier in 
this section) on the DR methods we applied. As a result, we have decided to base the rest of 
our experiments (that is, Experiment #3 to Experiment #6) on the use of a normal expert. We 
expect the decision made by a normal expert will simulate closer the real world situation.  

 

Fig. 6. Comparing a normal expert (left plot) and a strong expert (right plot) on their 
identification accuracy based on the k-NN classification errors for the “relevance feedback” 

enabled MDS and LE  
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5.3. Experiment #3 
 

In this experiment, we attempt to verify whether or not identification accuracy could be 
improved by incorporating relevance feedback. This was accomplished by comparing the k-
NN classification error rates obtained by applying PCA, LPP, MDS, and LE. One might 
recall from Section 4.3 that both PCA and LPP do not incorporate relevance feedback, while 
both MDS and LE do by updating their distance matrices. Furthermore, both PCA and LPP 
can return a linear mapping function directly, while MDS and LE resort to an estimation 
technique for out-of-sample extension. 

 
In Figure 7, one can observe that PCA performs worse than the baseline for all values of k 

while LPP performs significantly worse. For MDS, one can notice that there is no significant 
improvement in identification accuracy even after going through 30 or 50 iterations of 
relevance feedback. We have performed additional experiments to confirm if there would be 
improvement beyond 50 iterations for MDS. However, similar results were obtained.  

 
 

 
Fig. 7. Compare the identification accuracy of PCA and LPP with MDS, LE and their 

relevance feedback enabled extensions 
 

On the other hand, while LE starts out having worse performance than the baseline, PCA 
and MDS; after 100 iterations of relevance feedback, it has already achieved better accuracy 
than the baseline for k  6; while after 150 iterations, it has better accuracy for k  4. Two 
conclusions might be drawn here. First, relevance feedback could improve the identification 
accuracy for DR methods that are capable of incorporating it. This is evidenced by the result 
of LE with relevance feedback, which shows visible improvement beyond a certain number 
of iterations. Second, not all DR methods accomplish the same magnitude of improvement on 
identification accuracy brought by relevance feedback. In this experiment, LE was found to 
gain more improvement than that of MDS. 

 
Another important observation is that although methods like PCA and LPP can obtain a 

linear mapping directly (which is convenient for projecting novel fingerprints to the semantic 
space), they are not able to incorporate relevance feedback in their implementation easily. As 
a result, it could be impossible to improve the identification accuracy without making a major 
design modification to these algorithms. 
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5.4. Experiment #4 
 

In this experiment, we will compare the influences on the identification accuracy due to 
the three methods of updating the entries of the distance matrix as described in Section 4.1. 
Based on the result of Experiment #3 (shown in Figure 7), we observe that LE achieves 
significantly larger improvement on identification accuracy than MDS through relevance 
feedback. As a result, we have decided to base our comparison in this experiment by using 
LE only. The results are shown in Figure 8. 

 
From sub-figures (a)-(c) of Figure 8, one can observe that both Method 1 and Method 3 

of updating distance matrix do not result in much improvement on identification accuracy, 
while Method 2 does. This could be attributed to our exploiting the class label for fingerprints 
in the database that speeds up the propagation of relevance feedback. This justifies our 
adoption of Method 2 in updating the distance matrix in all other experiments. 

 
 

 
 

(a) Method 1 
 

 
(b) Method 2 

 
(c) Method 3 

 
 
 

Fig. 8. Compare the effects on the identification accuracy due to the three different methods 
for updating the entries of the distance matrix as explained in Section 4.1  

(Only results for Laplacian Eigenmaps with relevance feedback are shown here as it exhibits 
greater improvement on identification accuracy through relevance feedback than MDS) 
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5.5. Experiment #5 
 

The purpose of this experiment is to answer the question, “For a fixed k as in k-NN 
classification error, whether the number of fingerprints presented to the examiner in each 
round of relevance feedback affects the identification accuracy or not?” This question was 
motivated by an observation made from Figure 7 (the result of Experiment #3) that for k  4, 
even after going through 150 iterations, the identification accuracy was still worse than or 
only marginally better than that of the baseline. 

 
A sequence of four sub-experiments was carried out as follow. By assigning k the value 

of 1 to 4 successively, we varied the number of images presented to the examiner from 10 to 
22. The choice of 22 is again associated with the number of fingerprints for each class in the 
training set.  

 
 

  

k = 1 
k = 2 

 

  
k = 3 k = 4 

 
 

Fig. 9. Compare the effects on the identification accuracy when the number of similar 
fingerprints shown to the expert examiner in each iteration of relevance feedback increases 

(for k = 1,…,4) 
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From the results shown in Figure 9, we can conclude that for k  3, increasing the number 
of similar fingerprints shown to the expert examiner in each round of relevance feedback 
does not have a significant impact on the identification accuracy. However, at k = 4 (and 
above), the increase in number of fingerprints presented to the examiner has a positive impact 
on the identification accuracy when the number of relevance feedback iterations goes beyond 
a certain threshold, like 150. However, one must be aware of the potential problem that might 
result from having too many images presented to the examiner at each round. 

 
5.6. Experiment #6 
 

In the last experiment, we try to determine whether a variation in the size of the training 
set (used in learning the initial semantic space) would have an impact on the identification 
accuracy or not. In particular, we want to know if a decrease in size of the data available for 
training would offset the improvement in identification accuracy brought about by relevance 
feedback.  

 
The default sizes of the training and test sets are 1,100 (50  22) and 100 (50  2), 

respectively. These were used in the first five experiments. In this experiment, the size of the 
training set for each finger (or class) is decreased from 22 to 20, 18, 16, and 14 successively 
in order to detect any perceivable change. 

 
 

 

training set size = 22  50 

  

training set size = 20  50 training set size = 18  50 
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training set size = 16  50 training set size = 14  50 

 
Fig. 10. Compare the effects on the identification accuracy due to a decrease in the size of the 
training set (for constructing the initial semantic space) from 22 (out of 24) to 20, 18, 16, and 

14, successively 
 
 

From Figure 10, one can observe that the improvement in identification accuracy brought 
about by relevance feedback reduces as the size of the training set decreases. The reduction is 
particularly clear when one compares the plots of LE_rf_100 and LE_rf_150 (that is, 
Laplacian Eigenmaps with 100 and 150 iterations of relevance feedback, respectively) across 
the five sub-figures. Based on the experimental result, we conclude that a decrease in the size 
of the training set does have a negative impact on the identification accuracy. 

 
 

6. Conclusions 
 

In this paper, we have introduced a novel learning framework for adaptive fingerprint 
identification that can be integrated as an add-on module in a host system. The framework 
exploits relevance feedback, an adaptive information processing technique, to capture an 
expert examiner’s subjective knowledge into the formation of a persistent semantic space 
over the fingerprint database in which the accuracy of identification could be improved. 

 
Whereas relevance feedback has been extensively researched and applied in document 

retrieval and more recently in content-based image retrieval, not much has been reported on 
integrating relevance feedback into biometric authentication systems both in research and in 
practice. One reason could be that in order for biometric authentication to benefit from 
relevance feedback, a supervised setting is necessary which is not possible in many 
deployment scenarios. However, in the case of an automated fingerprint identification system, 
the operating requirement makes it a suitable application for novel integration of relevance 
feedback and biometric authentication.  

 
To assess the framework’s potential for improving identification accuracy, a series of six 

experiments was conducted on a subset of the MCYT-Fingerprint-100 sub-corpus. Together, 
these experiments analyze different characteristics of the proposed framework by simulation. 
These include (1) the effect of different DR methods on the formation of the semantic space, 
(2) the difference in applying a normal versus a strong expert, (3) the method of updating the 
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distance matrix, (4) the impact on identification accuracy due to the number of similar 
fingerprints presented to the examiner at each iteration of relevance feedback, (5) the effect of 
size of training set, and (6) the difference in identification accuracy by the DR methods 
applied in our experiments. The experimental results reveal an observable improvement in 
identification accuracy, particularly for MDS, which is able to exploit relevance feedback in 
its DR process. Overall, our experimental evaluation confirms the framework’s potential for 
adaptive fingerprint identification. 

 
Future work will include collaboration with the Australian Federal Government’s 

CrimTrac Agency, on a design of the proposed framework for testing with their AFIS, as well 
as developing practical approaches for adaptation to larger fingerprint databases.   
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