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Abstract - This study presents a novel non-parametric density estimator approach that combines biometric matchers at the score 
level for personal verification. In this approach, genuine and impostor score densities are estimated using a fast and self-consistent 
estimation method that reduces the computational cost of the empirical characteristic function for nonequispaced data in a 
multidimensional space using a nonequispaced hyperbolic cross fast Fourier transform. Tests on different biometric recognition 
systems, such as those involving faces, fingerprints, and palm-prints, are performed to measure the efficiency of the proposed 
method. The performance of the fast and self-consistent estimation (FSCE) method is also compared with that of state-of-the-art 
approaches, such as the finite Gaussian mixture model, support vector machine, and sum of scores. The experimental results 
demonstrate that the proposed approach can combine biometric matchers, and FSCE achieves the best verification performance. 
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I. INTRODUCTION  
 
Multi-biometric systems operate based on multiple 

biometric traits and are preferred nowadays to uni-biometric 
systems, which are based only on one biometric source (face, 
facial thermograms, fingerprints, hand geometry, hand veins, 
iris, retinal pattern, signature, voiceprint, etc.), for 
recognition tasks. These systems can eliminate the 
drawbacks of uni-biometric systems, namely deficiency in 
uniqueness and the non-universality of the chosen biometric 
trait, noisy data, and spoof attacks [1]. 

Most multi-biometric systems aim to arrive at a 
successful combination of data from different sources. These 
systems have many fusion levels, such as fusion before 
matching (sensor, feature) and after matching (match score 
and decision). As regards the approaches in this domain, 
match score fusion has captured the attention of most 
practitioners because of the advantages related to information 
quality and performance. However, it is usually challenging 
because scores from different matchers are likely to require 
different probability distributions to produce different 
accuracies to be correlated. The techniques for match score 
fusion can be categorized as follows: 
 Transformation-based score fusion: Scores are 

transformed to a common domain before fusion. This 
technique is limited because data are not independent and 
require extensive empirical evaluation [2][3]. 

 Classifier-based score fusion: A classifier is trained using 
scores from different matchers to distinguish between 
genuine and impostor features [4]. This technique 

encounters some challenges, such as unbalanced training 
set, cost of misclassification, and choice of a classifier. 

 Density-based score fusion: This technique requires the 
density estimator and the assessment of genuine and 
impostor match score densities [5]. The kernel density 
estimator (KDE) has been proven accurate in this regard 
but is complicated to apply [6]. 
 
The KDE estimate f(x) is defined as follows, given a 

sample of N data points denoted by {Xj} (j = 1, …, N): 
 

  ∑ ,
 
where K(x) is the smoothing kernel, and h is the 

bandwidth. The choice of K(x) is usually not crucial [7], 
whereas h, which controls the degree of smoothing, must be 
carefully adjusted: the more concentrated the data points, the 
less the amount of smoothing needed to obtain a good 
estimate of their density. However, determining how the 
bandwidth affects the performance of the estimate is a 
difficult task if little or nothing is known in advance about 
the true density. Therefore, a method that does not require 
the fixation of parameters a priori, and at the same time 
maintains high performance, would be desirable. KDE 
constructs a smoothed picture of the data as a superposition 
of the kernel functions centered at the coordinates of data 
points instead of counting the number of points in separate 
bins. The self-consistent estimation method in [8] only 
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requires an assumption concerning the shape of the 
underlying pdf. 

The self-consistent kernel density estimate algorithm is 
implemented in inverse Fourier space and based on 
transforming the data being analyzed to inverse Fourier space 
by computing its empirical characteristic function, (t), 
given as follows: 

 

 Δ ∑ ,
 
where Xj is a collection of data points presumed to 

originate from a random distribution; N is the number of data 
points; t indicates the frequencies at which the empirical 
characteristic function is calculated. The calculation of (t) is 
equivalent to an inverse discrete Fourier transform. The 
direct calculation of the discrete Fourier transform (DFT) is 
notoriously slow. An approach to address this problem is the 
nonequispaced hyperbolic cross fast Fourier transform 
(NHCFFT), which reduces the number of computations from 
O(NmlogN) to O(N(logN)m) in a multidimensional space for 
nonequispaced data [9]. 

The present study proposes a non-parametric density 
estimation method (i.e. fast and self-consistent estimation 
(FSCE)) that combines the self-consistent estimate and the 
nonequispaced hyperbolic cross fast Fourier transform. This 
technique does not require the selection of the number of 
constituents, as does the GMM method, or the bandwidth 
determination, as does the KDE method. It also efficiently 
computes the nonequispaced data in a multidimensional 
space that combines biometric matchers at the matching 
score level for personal authentication. 

Our proposed work aims at exploring effective ways to 
combine extracted multiple biometric features into templates 
for personal verification. To achieve this aim, we suggest an 
approach using the Zernike moment (ZM) and a score-level 
fusion technique based on fast and self-consistent estimation 
(FSCE). In this approach, ZM [10] is used to extract features 
of multimodal images (face, fingerprint, palmprint). In this 
way, the basis function of ZM is defined on a unit circle, and 
the centre of the unit circle is set to coincide with the centre 
of the biometric images. This will extract more features, 
increasing the accuracy of personal verification. The 
matching was carried out by Euclidean distance, based on the 
chosen features. After matching, the performance of fusing 
the match scores using fast and self-consistent estimation 
(FSCE) to estimate the genuine and impostor score densities 
is examined. Finally, a decision is identified: an individual is 
genuine or is an impostor. In this paper, FVC2004 database 
[11], ORL database [12], PolyU database [13] and NIST-
BSSR1 database [14] was used for the experiment. 

The remainder of this paper is organized as follows: 
Section 2 shows the related works; Section 3 presents how to 
accelerate the computational performance of the self-
consistent kernel density estimate method of Bernacchia and 
Pigolotti [8] for nonequispaced data in a multidimensional 

space using the NHCFFT proposed by Döhler et al. [9] to 
approximate the empirical characteristic function; Section 4 
shows the details of the proposed system; Section 5 reports 
on the experimental results; and Section 6 draws the 
conclusions. 

 
II. RELATED WORKS 

 
With regard to multi-biometric aim, many researchers 

have already studied uni-biometric fusion, such as that 
involving fingerprint and finger Veins [15][16], iris and 
periocular [17][18][19], hand-shape and palm-print [20], iris 
recognition [21], iris, face, and fingerprint spoofing detection 
[22], and ear and palm-print [23]. Recently, researchers have 
proposed a multimodal biometric authentication system 
using hand-shape, palm-print, and hand-geometry [24] or a 
comprehensive overview of biometric fusion [25]. 

A well-known parametric method based on Gaussian 
mixture models (GMM) for density estimation [26] can 
model data using their probability density functions (pdf). 
These models specify the number of constituents beforehand 
[27] or implement some data-driven criteria for the selection 
of an appropriate number of constituents [28]. The improper 
selection of the number of constituents is likely to cause 
model failure in capturing the entire structure of the 
underlying pdf. This can be alleviated by non-parametric 
density estimator methods, such as histogram [29]and kernel 
density estimators (KDE) (e.g. Parzen window density 
estimation [30][31]), which treat each observation as a 
constituent of the mixture model. A considerable amount of 
research attention has been paid to ways of effectively 
calculating the bandwidth of each constituent [7] and 
combining the measurement noise with the estimated 
bandwidths [32]. In some studies, small bandwidths have 
been shown to be advantageous when applied to densely 
populated regions of the feature space, whereas larger 
bandwidths may be suitable for sparsely populated regions. 
Therefore, many researchers are interested in non-stationary 
bandwidth estimators [29][33]. The standard KDEs are 
disadvantageous because the number of their constituents 
linearly increases with the quantity of observed data. 
However, some approaches have been proposed to reduce the 
number of components [34][35] or optimize data-driven 
criteria [36]. Among the methods proposed for estimating 
without determining the optimal bandwidth, the self-
consistent estimation method in [8][37][38] only requires an 
assumption concerning the shape of the underlying pdf.  

The self-consistent kernel density estimate algorithm is 
implemented in inverse Fourier transform. However, the 
direct calculation of the discrete Fourier transform (DFT) is 
notoriously slow. Hence, it is preferable to calculate this 
discrete Fourier transform using the fast Fourier transform 
(FFT) method proposed by Cooley and Tukey [39]. 
However, the algorithm is limited in the sense that it can only 
efficiently compute the DFT when the data are given on an 
equally spaced grid. This motivates the search for an efficient 
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method of computing the nonequispaced discrete Fourier 
transform (NDFT). These types of algorithms were 
introduced in the early 1990s by Dutt and Rokhlin [40], then 
by Greengard and Lee [41]. 

Furthermore, the FFT requires O(MlogM) operations 
when measuring the complexity of an FFT having M = Nm as 
the total number of grid points. However, in m dimensions, 
the FFT requires O(NmlogN) operations, which rapidly grows 
as m increases. This feature is called the curse of 
dimensionality and is characterized by costs that grow 
exponentially with the number of dimensions. An approach 
to address this problem is the nonequispaced hyperbolic 
cross fast Fourier transform (NHCFFT), which reduces the 
number of computations from O(NmlogN) to O(N(logN)m) 
[9]. 

 
III. FAST AND SELF-CONSISTENT ESTIMATION  

 
A. Summary of the Self-consistent Estimation Algorithm  

 
We write the estimate as follows given a sample of N 

data points (real numbers) denoted by {Xj} (j = 1, …, N), 
each independently drawn from a probability density 
distribution f(x): 

 

 ∑ ,
 
where we assume  L2. Note that (3) does not 

depend on any bandwidth h, in contrast to the KDE estimate 
in (1). We look for the optimal shape of the kernel instead of 
choosing an arbitrary shape for kernel K and looking for an 
optimal bandwidth [7]. The Fourier transform  of the 
optimal kernel K(x)  is equal to [8][42]: 

 


| |

	,	

 
where ω(t) is the Fourier transform of true density f(x). 

The Fourier transform of the density estimate fKDE(x) in 
(3) is presented as follows: 

 

 ∆ ∆

| |
,	

 
where ∆(t) is the empirical characteristic function (ECF): 
 

 ∆ ∑ exp ,
 
from (5) the ”self-consistent estimate” (called – sc) is 

equal to: 
 

 ∆ 1 1
|∆ |

	

The remainder of this section is paraphrased from 
O'Brien et al. [37] with the notation modified to match the 
notation used here. Specifically: 

 1 1
|∆ |

,					

where IA(t) represents a frequency filter that is 1 for the 
set of accepted frequencies A, and 0 otherwise. The set of 
accepted frequencies A must be specified such that |(t)|2  
4(N-1)/N2

    for tA. 
Bernacchia and Pigolotti [8] present that ω converges to 

the true underlying distribution as N increases, provided that 
a number of conditions are met, including the integrability of 
the characteristic function and boundedness of A. The 
stability condition on A forces  to be real-valued, 
implying that its data space representation  is 
symmetric. 

This self-consistent estimate can be Fourier transformed 
to obtain the data-space estimate of the pdf: 
κ ∆ . Provided that the ECF has been calculated, 
calculation of κ  is trivial, so the bulk of the cost of 
computing  comes from the computation of the ECF. 

See [8] for a detailed description. 
 

B. Nonequispaced Hyperbolic Cross Fast Fourier 
Transform 

 
The Cooley–Tukey FFT algorithm [39] is an incredibly 

powerful tool for the fast computation of the discrete Fourier 
transform (DFT). However, the algorithm is limited in the 
sense that it can only efficiently compute the DFT when the 
data are given on an equally spaced grid, and the complexity 
of the FFT exponentially increases in a multidimensional 
space. Many modern applications involve problems in which 
the data are nonequispaced in the time domain, frequency 
domain, or both domains. Examples include biometrics, 
medical imaging, astronomical, and geographical data, where 
the data are often sampled at observation points or by fast-
moving measuring devices. A strategy is proposed to 
produce a fast algorithm that addresses the nonequispaced 
DFT in a multidimensional space. Such a strategy was 
originally proposed by O'Brien et al. [37, 38], where they 
used a non-uniform Fast Fourier transform.  Here, we instead 
propose to use a NHCFFT [9]. 

The NHCFFT method combines the hyperbolic cross 
FFT [43][44] and the spline approximation scheme [45] 
generalized to the spatial dimension mN in Algorithm 1 for 
a fast and approximate multiplication with Fourier matrix 

≔ ∈ , ∈ . Multiplication with the adjoint 
Fourier matrix ∗  easily follows, and is subsequently 
denoted by the adjoint NHCFFT. 

Algorithm 1 
1: Compute samples on the oversampled sparse grid by 

the HCFFT. Calculate the following: 
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∈

,															 ∈  

2: Interpolate on the oversampled sparse grid by  
with: 

, ∅ ,
∈∈

‖ ‖

 

Compute: 

 
aj,k  C, j, k  , ||j||1 = n + α, k < 2j, from f(x), x  	

3: Calculate the spline for ℓ = 0, …, M − 1 
	

ℓ , ∅ , ℓ

∈∈
‖ ‖

 

 
See [35] for a detailed description. 
 

IV. PROPOSED MULTIMODAL SYSTEM  
 
Our proposed verification system using multiple 

biometric traits (face, fingerprint, palmprint) consists of two 
phases: enrolment and verification. Both phases include 
preprocessing biometric images with the wavelet-based 
contourlet transform (WBCT) [46], localizing the centre of 
the image, and extracting the feature vectors using Zernike 
moments (ZM) (Figure 1). 

 

 
Figure 1. Flow chart of multi-biometric verification system 

 

In the enrolment phase, the captured images are 
normalized and the center of the image is localized for later 
feature extraction. Scores generated from the feature 
extractions are stored as templates in the database. 

In the verification phase, the sets of feature scores 
obtained after image preprocessing, image center 
localization, and feature extraction are supplied to the 
matching module where they are matched with the stored 
templates created in the enrolment phase, generating 
matching scores. These scores are then fused and finally, the 
chosen individual is verified. 

Our proposed technique is compared with well-known 
techniques such as the finite Gaussian mixture model 
(GMM), the support vector machine (SVM), and the sum 
rule with min–max, and this comparison shows the 
outstanding results of the proposed technique. 

We now report on the matchers involved in the fusions 
tested in this study. 

 
A. Image Preprocess  

 
This module aims at normalizing a biometric image by 

reducing or eliminating some of its variations. Due to the 
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noise in biometric images, the quality of images may be poor 
and thus the identification cannot be done efficiently. To do 
it, Wavelet-Based Contourlet Transform (WBCT) is used 
and this method described in [46] (Figure 2). 

 

 
Figure 2.  An example of the WBCT 

 
See [46] for a detailed description. 
 

B. Localizing the Image Center 
 
In our approach, the Zernike moment (ZM) [10] was used 

to extract the features of multimodal images (face, 
fingerprint, and palmprint). The error analysis concerned 
with so-called geometric error, reveals an inherent limitation 
in the accuracy of the ZM computing related to the fact that 
the ZM is confined to a unit circle rather than a square, 
leading to redundant information. Therefore, in order to 
reduce redundant information, in this way, the basis function 
of ZM was defined on a unit circle. The centre of the unit 
circle was set to coincide with that of the biometric images 
and the radius of the unit circle was set to equal with that of 
the biometric images.  

1) The fingerprint images in FVC2004 were normalized 
by WBCT [46] to find their reference points. The reference 
point (core point) of a fingerprint image was defined as the 
point of maximum curvature in a fingerprint image (Figures 
3 and 4). 

 
Figure 3. The Reference point of a fingerprint 

 

 
Figure 4. The Reference point (core point) on the fingerprint 

  
This point and the outer convex ridge position can be 
located by an algorithm described in [47]. 
2) In the ORL face database, the face images were 

enhanced by WBCT to identify the centre of the best-fitting 
ellipse. In the face images with frontal views, the face shape 
was approximated to an ellipse (Figure 5). 

 
Figure 5. Localizing the centre using the best-fitting ellipse 

 

3) . An ellipse model with five parameters was used in 
the algorithm to find the best-fitting ellipse [48]: X0 and Y0 
denote the centre of the ellipse;  is its orientation; and α 
and β are the minor and major axes of the ellipse, 
respectively (Figure 6).  

 

 
Figure 6. Face model based on the ellipse model 

 
4) Geometric moments were considered in the 

calculation of these five parameters. 
5) In the PolyU palmprint database, a smaller region 

from the centre of the palm, called the region of interest 
(ROI), was automatically extracted by the algorithm 
proposed in [49]. The ROI was defined as a square 
containing sufficient information to represent the palmprint 
for further processing. Figure 7 shows the ROI of a palm. 

 

 
Figure 7.Localizing the center of the ROI of a palmprint 

 
C. Feature Extraction with Zernike Moment 

 
The centers and radii of the unit circles (the basis 

functions of ZM) in the biometric images were located in this 
phase. The center of the unit circle of ZM was set to coincide 
with the reference point in a fingerprint image, the center of 
the best-fitting ellipse in the face image (the best-fitting 
ellipse was the one that enclosed the facial region in a face 
image in the frontal view), and the center of the 
circumscribed circle of the square region in a palm table, 
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called the region of interest (ROI). The radius of the unit 
circle was set to equal with the outer convex ridge position in 
a fingerprint image, a half minor axis of the ellipse in the 
face image, and a half diagonal of the square region in a 
palm table. (Figure 8). 

 

 
Figure 8. Example of ZM used for multimodal feature extraction 

 

In the literature, ZM has shown its ability to perform 
better than other moments (e.g. Tchebichef moments [50] 
and Krawtchouk moments [51]). In fact, the increase in the 
orders of ZM will lead to a reduction in the quality of the 
reconstructed image because of the numerical changeability 
of ZM. Thus, in our work, the first 10 orders of ZM with 36 
feature vector elements were chosen for the better ZM 
performance. 

 
D. Proposed Matching and Fusion 

 
The sets of feature vectors obtained following the image 

feature extraction were supplied to the matchers, where they 
were matched with the templates stored in the database. The 
Euclidean distance metric was applied to calculate the 
similarity between the two feature vectors to generate the 
matching scores. The performance of combining the 
matching scores at the score level was then obtained after the 
match. To this end, we suggest an approach using the score-
level fusion technique with the FSCE method for personal 
authentication. 

The essential steps that we use to perform a fast and self- 
consistent estimation calculation of the kernel density 
estimate: 

(1) Let X =[X1, X2, . . . , Xd] denote the match scores of d 
different biometric matchers, where Xl is the random variable 
representing the match score of the dth matcher, l = 1, 2, . . ., 
d. 

(2) Perform HCFFT for nonequispaced data X,  
(3) Use an inverse NHCFFT, compute the ECF, obtain 

the kernel density estimate fKDE(x). 
The abovementioned approach for estimating the 

generalized density can be applied to genuine and impostor 
matching scores from different matchers. For a multi-
biometric system with d matchers, we denote the dth 
generalized density estimated from the genuine scores by 

,
. The corresponding estimates based on the 

impostor scores are denoted by 
,

. 

 

V. EXPERIMENTAL RESULTS 
  

A. Databases 
 
The performance of the FSCE-based fusion rule was 

evaluated on the following databases: FVC2004 fingerprint 
database, ORL face database, PolyU palmprint database, and 
NIST-BSSR1 database. A brief introduction to each of the 
four databases follows: 

6) FVC2004 fingerprint database: FVC2004 DB4 
contained 800 fingerprints of 100 fingers (eight images of 
each finger). The size of each fingerprint image was 
288x384 pixels, and its resolution was 500 dpi (Figure 9). 

7) ORL face database: ORL consisted of 400 images of 
40 people with various facial expressions and facial details. 
All images were captured with a dark background and a size 
of 92 × 112 pixels (Figure 9). 

8) PolyU palmprint database: PolyU contained 7,752 
greyscale images corresponding to 386 palms. 
Approximately 20 images per palm were collected in two 
sessions. Each image was 384 × 284 pixels (Figure 9). 

 

 
Figure 9.  Some samples from the dataset used in this work 

 
9) NIST-BSSR1: Biometric Scores Set—Release 1 is a 

set of raw output similarity scores from two c.2002 face 
recognition systems and one c.2004 fingerprint system 
operating on frontal faces and the left and right index live-
scan fingerprints, respectively. The release included true 
multimodal score data (i.e. similarity scores from the 
comparisons of faces and fingerprints of the same people) 
and contained the three partitions described in Table I. 

 
TABLE I. NIST-BSSR1 DATABASES 

 NIST-Multimodal NIST-Face 
NIST-

Fingerprint 

Traits Fingerprint (2) Face (2) Face (2) Fingerprint (2) 

Matchers 4 2 2 
Objects 517 3000 6000 

 
 

B. Experimental Results 
 
The datasets used for the density estimation in each 

experiment were formed with half genuine and half impostor 
match scores, which were randomly chosen. This division 
was repeated 10 times. In order to confirm the benefit of our 
method, the receiver operating characteristic (ROC) curve 
has been also considered. The ROC curve is a two-
dimensional measure of classification performance that plots 
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the probability of false acceptation rate (FAR) against the 
genuine acceptance rate (GAR). In this paper, the ROC 
curves of the results corresponded to the mean of the GAR 
values of 10 tests with different FAR values, and the FSCE-
based fusion led to average verification accuracies in GAR. 

Figure 10 shows the ROC curves of the FSCE fusion rule 
with three matchers and individual matchers of the 
FVC2004, PolyU, and ORL databases.  

The performance of the FSCE fusion rules was 
significantly better than the best individual modality from the 
databases. The FSCE fusion rules also yielded an increase in 
the GAR at a FAR of 0.01% (Table II). Noticeably, the 
average verification accuracies presented in Table II showed 
that the efficiency of the proposed method remained constant 
in 10 cross-validation trials. Furthermore, the multi-biometric 
fusion of the different traits (i.e. fingerprint scores and 
palmprint scores, fingerprint scores and face scores, or 
palmprint scores and face scores) (Figure 11) in the 
FVC2004, PolyU, and ORL databases considerably 
improved GAR compared to the other multi-biometric 
fusions (i.e. two fingerprint scores’ fusion, two palmprint 
scores’ fusion, or two face scores’ fusion) (Figure 12). 

 

 
Figure 10.  Fusion with FSCE and individual matchers on the FVC2004, 

PolyU, and ORL databases 
 

 
Figure 11.  Fusion with FSCE on the FVC2004, PolyU, and ORL databases 

(different traits) 

 
Figure 12.  Fusion with FSCE on the FVC2004, PolyU, and ORL databases 

(same traits) 
 
The performance of the fusion rule with FSCE was also 

compared with its performance using the finite Gaussian 
mixture model (GMM) [27], density-based score fusion 
technique, support vector machine (SVM) classifier-based 
fusion, a classifier-based score fusion technique, sum of the 
scores fusion method, and a transformation-based score 
fusion technique. The expectation-maximization (EM) 
algorithm [28] and the minimum message length criterion 
were used for the GMM (number of mixtures for the genuine 
data Ngen = 6, and for the impostor data Nimp = 6) to estimate 
the number of components and component parameters. The 
radial basis function (RBF) was chosen as the kernel function 
for the SVM classifier to enhance performance. Furthermore, 
a score normalization method (i.e. min–max normalization 
method [2]) was used to utilize the sum of the score 
technique. We noted that the sum rule with min–max 
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efficiently worked in our experiments on the chosen datasets. 
We also compared the proposed method with the relevance 
vector machine (RVM) method in [52]. Figure 13 shows the 
ROC curves of the FSCE fusion rule, GMM fusion rule, 
RVM classifier, SVM classifier, and sum rule with min–max 
on the multimodal of the FVC2004, PolyU, and ORL. 

We also used the proposed method on the NIST-BSSR1 
database and randomly selected 50% of the genuine and 50% 

of the impostor to form the training set, and the remainder to 
form the testing set. Figure 14 shows the ROC curves of the 
GAR at a FAR of 0.01% of the FSCE fusion rule 
(Fingerprint-Face) and individual matchers for the three sets 
of the NIST-BSSR1 database. The performance of the FSCE 
fusion rules was significantly improved compared to the best 
individual modality from the NIST-BSSR1 database. 

 
TABLE II. PERFORMANCE ATTAINED 

Database Matcher 

Mean GAR at 0.01% FAR 

Single matcher 
FSCE-based fusion 

Same traits Different traits 

 Fingerprint-Palmprint-Face - - 99.45% 

 Fingerprint-Palmprint - - 99.2% 

 Palmprint-Face - - 99.1% 

 Fingerprint-Face - - 98.9% 

 Fingerprint-Fingerprint - 97.8% - 

 Palmprint-Palmprint - 96.2% - 

 Face-Face - 93.8% - 

FVC2004 Fingerprint 96.7% - - 

PolyU Palmprint 95.8% - - 

ORL Face 91.8% - - 

 
The average verification accuracies shown in Figure 15 

depict that the efficiency of the proposed method remained 
constant in 10 cross-validation trials. Moreover, the multi-
biometric fusion of the different traits (face scores and 
fingerprint scores) in the NIST-BSSR1 database 
considerably improved GAR compared to the multi-
biometric fusion techniques (two fingerprint scores’ fusion or 
two face scores’ fusion). 

The results achieved in our experiments on the NIST-
BSSR1 database show that the proposed FSCE fusion rule 
can consistently perform verification better than the other 
techniques (e.g. GMM, SVM, and sum rule with min–max) 
(Figure 16). 

 

 
Figure 13.  FSCE fusion rule, GMM fusion rule, SVM fusion rule, and sum 

fusion rule with min–max 
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Figure 14.  FSCE fusion rule and individual matchers on the NIST-BSSR1 

database 
 

 
Figure 15.  FSCE fusion rule on the NIST-BSSR1 database (multi-

biometric) 

 

 

Figure 16.  FSCE fusion rule, GMM fusion rule, SVM fusion rule, and sum 
fusion rule with min–max 

 
The proposed system was also compared with the other 

recognition systems, particularly the face recognition [53], 
fingerprint recognition [54], and palmprint recognition [55] 
systems using ZM and similar databases. Table III provides 
the average verification accuracies of GAR at a FAR of 
0.01% for FSCE, Face, Fingerprint, and Palmprint using ZM. 

 
TABLE III. ACCURACY RATE ACHIEVED BY DIFFERENT 

ALGORITHMS 
 Accuracy Exist 

Face 93.8% 92.8% [53] 
Fingerprint 97.8% 92.89% [54] 
Palmprint 96.2% 91.25% [55] 

Proposed FSCE fusion 99.45%  

 
Our experimental processes were performed on an Intel 

Core i3 CPU with 2.2 GHz and 8 GB RAM running on 
Windows 7 and MATLAB R2014b. The time measurements 
were performed by employing the MATLAB function 
cputime. The obtained computation time was 6.7 s for the 
NHCFFT with n,m  5. 

 
VI. CONCLUSION 

 
This study proposed a novel match score fusion method 

using a non-parametric density estimation method, called 
FSCE. We performed many experiments on different 
databases and compared our method with other state-of-the-
art approaches to test the proposed method. Our experiments 
on the publicly available databases, namely the FVC2004, 
ORL, PolyU, and NIST-BSSR1 databases, show a consistent 
high performance of the proposed method. The proposed 
nonparametric density estimation method neither requires the 
selection of the number of constituents, as does the GMM 
method, nor the bandwidth determination, as does the KDE 
method. The method also efficiently computes the 
nonequispaced data in a multidimensional space. The 
proposed method can be used in many other fields, such as 
medicine, astronomy, and geography. 

For future work, we want to study deep learning for the 
incorporation of the biometric information (as CNN)  to 
improve performance in the proposed systems. 
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