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Abstract: A non-minutiae approach based on the combination of multiple transforms, namely, spatial, Fourier, discrete cosine and wavelet, is proposed 

for matching poor quality fingerprints. The features derived from the values and coefficients in these domains are richer and more distinctive in 
characterizing a fingerprint than a single domain. Results from experiments carried out on the National Standard of Institute and Technology special 
database 4 and Fingerprint Verification Competition databases show that the proposed feature set is useful for fingerprint matching. 
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1 Introduction 
The design of biometric-based security systems and their 
integration as security tokens in existing systems have come a 
long way for the obvious reasons that physical-based tokens 
such as electronic user ID cards or knowledge-based tokens 
in the form of passwords, PINs, or passcodes can be stolen or 
circumvented. Furthermore, knowledge-based tokens could 
easily be forgotten given the huge number of passwords or 
passcodes to cram in order to gain access to a varied 
password-based resources or they could be guessed if simple 
enough. Hence, the use of biometrics traits in person 
identification and access control has come to stay. There are 
several biometric traits of which the fingerprint biometric trait 
remains the most acceptable due to its easy integration in new 
and existing systems, convenience, permanence, accuracy 
and universal and dynamic application in property protection, 
mobile devices, forensics and very large scale identification 
systems. However fingerprint matching currently remains a 
pattern recognition problem [1] due to challenges faced in 
matching poor quality fingerprints such as smudged, occluded, 
and partial fingerprints as well as high intra-class and low 
inter-class variations encountered in large scale fingerprint 
identification. Fingerprints are currently compared using two 
major approaches: minutiae-based and non-minutiae based 
approaches (pattern-based, correlation-based, image-based, 
statistical and transform based). Minutiae based approaches 
are common because they are more reliable to use in good 
quality fingerprints, but challenging in poor quality fingerprints 
[2] due to ridge distortion and irreproducibility in partial 
fingerprints. In other words reliable minutiae extraction 
depends on the quality of a fingerprint image and poor 
fingerprints degrade the performances of minutiae-based 
matching algorithms. Several minutiae-based and non-
minutiae based techniques have been proposed for fingerprint 
matching in the literature with their trade-offs in handling these 
challenges. Non-minutiae based approaches seem to be 
unaffected by these challenges compared to minutiae-based 
approaches at the cost of performance and some non-
minutiae based approaches have better performances on poor 
quality and partial fingerprints in particular.  
 
 
 
 
 
 
 
 

An efficient Gabor based technique was developed in [3] for 
fingerprint matching. Other Gabor filters have been utilized for 
fingerprint matching in [4-7], however the computational 
complexity increases with the number of filter orientations. 
Fingerprint matching has been carried out using features from 
the Fourier transforms of fingerprints in [8-11], as well as 
wavelet transform or discrete cosine transform in [12-17]. 
Wavelets have often been preferred in signal analysis 
because they give both frequency and time information in the 
wavelet spectrum [18], in other words, the wavelet function is 
localized both in time and frequency. Wavelets have been 
used by several authors in biometric recognition [19-21] and 
particularly fingerprint recognition in [22-25]. Haar wavelet was 
used in this paper. In [9] 2D discrete cosine transform (DCT) 
and fast Fourier transform (FFT) were applied to sub-images 
in a region of interest. The magnitude of the spectrum and 
phase for the DCT and FFT coefficients constituted the 
features for fingerprint matching. Discrete wavelet packet 
transform was utilized in [13] for fingerprint matching. Wavelet 
decomposition was carried out at three levels on a fingerprint 
region of interest about the core point. The standard deviation 
and energy of these components were used for fingerprint 
matching. In [15] wavelet coefficients were derived from sub-
blocks in a region of interest about the core point. These 
wavelet coefficients were utilized in fingerprint matching. In 
[14] M-band wavelets were applied on fingerprints and 
standard deviation and energy values were obtained from the 
M sub-bands. Fingerprint image quality was accessed in [26] 
by applying the short time Fourier transform (STFT) on 
partitioned blocks of a fingerprint image. The values obtained 
from the STFT were utilized in representing frequency and 
orientation sub-bands for a fingerprint quality assessment. In 
[12] wavelet transform was applied on the grey scale 
fingerprint image and its singular points; features derived 
constituted the feature vector for fingerprint matching. In [17] 
Gaussian density features were extracted from a region of 
interest built around the core point by applying wavelet 
transform to sub images in this region. Singular points were 
extracted in the Fourier domain in [11] and features derived 
from the coefficients were used in fingerprint indexing. In [27], 
both discrete Fourier and wavelet transforms were utilized in 
fingerprint recognition. Fingerprint matching is proposed in this 
paper using a combination of features derived from multiple 
domains or transforms, namely, spatial, Fourier, discrete 
cosine and wavelet transforms in a fingerprint region of 
interest. Fourier and discrete cosine transforms provide useful 
coefficients that are distinctive for identifying fingerprints in 
poor quality fingerprints because noise is usually 
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characterized by high frequencies and low amplitudes in the 
frequency domain. Hence it is easy to expunge noise from a 
signal in the frequency domain. Spatial and wavelet domains 
are required since the Fourier and discrete cosine transforms 
provide frequency but no time information in an image. Rather 
than deriving features from one domain, a combination of 
features derived from multiple domains would provide a richer 
distinctive feature set for fingerprint matching. Unlike some 
other non-minutiae based fingerprint matching techniques that 
take up storage resources, the feature set in the proposed 
technique are derived from the distribution of the image pixels, 
Fourier, discrete cosine and wavelet coefficients in the spatial, 
Fourier and wavelet domains respectively. Hence, a feature 
vector has a size of 17 in this paper. The main contribution of 
this paper is a non-minutiae based, rich and discriminative 
feature set for matching poor quality fingerprints for which 
most minutiae-based matching techniques fail in their 
performance.  The fingerprint matching technique is quite fast 
and excludes the need for an indexing algorithm in large scale 
fingerprint matching. A matching speed of 0.064μs was 
recorded for fingerprint match in the NIST SD 4. This paper is 
organized as follows. Section 1 introduces biometrics and 
fingerprint recognition and discusses existing works on non-
minutiae based fingerprint matching. The domains or 
transforms for deriving a fingerprint feature set as well as the 
feature set in this paper are discussed in section 2. Fingerprint 
matching technique is discussed in Section 3 while the 
evaluation of the proposed feature set and fingerprint 
matching technique is discussed in the experiments reported 
in section 4. The proposed technique is compared with other 
approaches in Section 5 and the paper is concluded 
thereafter.  
 

2 MULTIPLE DOMAIN FINGERPRINT MATCHING 

FEATURES  
Spatial, fast Fourier, discrete cosine, and wavelet features 
constitute the feature set for fingerprint matching in this paper. 
It will be computationally expensive, resource wise, to utilize 
the features from sub-images images, hence, combination of 
the mean, standard deviation and absolute mean deviation of 
the normalized pixel values and multiple domain coefficients in 
the region of interest comprise the feature set for matching. 
Seventeen features make up the feature vector, V, listed in 
equation (1) for matching in this paper. The feature vector, V, 
for a fingerprint is defined as a vector of 17 features: 

 

(1) 

 
These sections describes how these features are obtained.  
 
2.1 Spatial Domain Features 
Five features were derived in the spatial domain, namely, the 
pixel density, mean of standard deviations, standard deviation 
of means, mean of absolute deviations and standard of 

absolute deviations, symbolized as  and  

respectively, where p appearing in the indices of the five 

symbols denotes pixel. The pixel density, , is calculated in a 

binarized image while  and are derived from 

the normalized image original image. In an image of size 

 with pixel values, , 

these five features are defined as: 

   (2) 

  (3) 

where     

 (4) 

where  

     

  (5) 

where  

    

 (6).  

 
2.2 Fourier Domain 
The 2D Fast Fourier transform (FFT) and discrete cosine 
transform (DCT) features were derived in the Fourier domain.  
 
2.2.1 Fast Fourier transform (FFT) 
The FFT decomposes an , 2D image signal, into 

 Fourier coefficients. Given an image of  pixels, 

the 2D FFT is given by: 

 
  (7) 

 
Let the coefficients derived from the FFT of     

 be 

. The features 

derived from the resulting FFT, , are  and 

 , where X stands for a 2D Frequency transform. These 

features are already defined for pixels in the last sub section. 
Following the definitions in equations (3) to (6), let  be 

defined as an operation on  as  

 and  Then in 

a like manner, and may be defined as 

follows: 

   (8) 

    (9) 

    (10) 

    (11).  

 
2.2.2 Discrete cosine transform (DCT) 
The DCT is a transformation in the frequency with only cosine 
terms. It is a transform in which only the real parts of the 

coefficients are present. Given an image of  pixels, the 

2D DCT decomposes and  image into  

components as follows: 
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  (12) 

where  and   

let  be the matrix of 

DCT coefficients derived from 

. Four features,  

and  are derived in a similar manner where C stands for 

cosine and are defined as follows: 

     (13) 

     (14) 

     (15) 

     (16). 

 
2.3 Wavelet processing 
A wavelet transform using a wavelet function, ψ(t), is defined 
in [28] as: 

  (17) 

where ψ’ is the mother wavelet  
 
τ and s are the translation and scale parameters respectively. 
Equation (16) describes a continuous wavelet transform. In 
discrete wavelet transform the varying of the time resolution 
and frequency resolution (scaling) properties are achieved 
with use of filters (high-pass and low-pass) and sub-sampling 
respectively. Let the response of the half-band high-pass and 
low-pass filters be h[n] and l[n] respectively. The outputs of the 
low-pass, Zlow[n] and the high-pass, Zhigh[n] after sub-sampling 
may be expressed in a convolution sum as: 

   (18) 

              (19) 

where   

 
Every filtering and sub-sampling results in a discrete signal 
that has half of the number of samples of the previous signal. 
In 2D-DWT, the transform is first applied to the columns of the 
image which consistently halves the sizes of all columns in the 
image and then applied to the rows in like manner. Haar 
wavelets decompose an image of size N×M into four sub 
images of sizes N/2×M/2, where N and M are even. The 
decomposed images are the approximation image, vertical, 
horizontal and diagonal differences images. Let 

 be the matrix 

of coefficients derived from the first level DWT of 

. The two level decomposition 

of  produces the approximation, horizontal, vertical and 

diagonal matrices of sizes  in the first level and  in 

the second level symbolised as  and . The horizontal 

and vertical coefficients and  are used for deriving 

features in this domain. The resized matrices are combined 
as follows: 

 
    (20) 

    (21) 

The four features derived from  and  are, 

 and , defined as: 

    (22) 

    (23) 

    (24) 

    (25).  

 
Thus the feature vector, V, for a fingerprint is defined as a 
vector of 17 features: 

(26) 

 

3. FINGERPRINT MATCHING TECHNIQUE 
Fingerprint matching consists in comparing an input fingerprint 
called a probe with a database of fingerprints called the gallery 
for a matching identity. In feature matching the gallery identity 
whose features are most similar to a probe under 
consideration is considered to be a match for the probe. In 
most common minutiae matching algorithms, all minutiae in a 
probe are compared against all minutiae in a gallery image 
and this is repeated for all fingerprints in the gallery for 
accurate matching. Indexing schemes are usually utilized to 
prevent an exhaustive match by limiting the matching to few 
candidates in the gallery. In this paper a fingerprint is 
represented by its feature vector, V, rather than raw minutiae 
data, and this solves the computational complexity of 
comparing all minutiae in a fingerprint for a match. During a 
fingerprint matching online a probe’s feature vector is 
compared in parallel with all gallery identities. This can be 
done by determining the difference between a gallery feature 
vector and a probe’s using a distance measure, which could 
be Euclidean, Manhattan or Hamming. The Manhattan 
distance measure was used in this paper. Let a gallery 
fingerprint, G, in a gallery of size, g, and a probe, P, have 
feature vectors VG and VP respectively. Offline gallery 
enrolment and online matching of fingerprints are carried out 
as follows in this paper:  

 
Feature vectors of all gallery images are hence enrolled 
offline. Let be the score of a fingerprint match. Fingerprint 

matching is carried out online as follows: 

 
The gallery impression that corresponds to the feature vector, 

, whose Manhattan difference yielded the minimum score, 

, is selected as the matching identity. Fingerprint matching 

techniques are evaluated using error rates namely, False 

 

 

 

 

 

 

 

 replicated to size g 

      

(Manhattan difference) 
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Accept Rate (FAR), False Reject Rate (FRR), Genuine Accept 
Rate (GAR), in the form of Equal Error Rates (EER) and 
Receiver Operating Characteristics (ROC). The FAR and FRR 
are the percentages of fingerprints that are erroneously 
accepted and rejected respectively in a test population of 
fingerprints. These are expressed as follows: 

  (27) 

  (28) 

  (29) 

 
The EER is the intersection of the FAR and FRR and is 
expected to be low. The ROC is a plot of the GAR versus the 
FRR for various thresholds in a test. The EER and ROC are 
used for evaluating the proposed technique in this paper. 
 

4. EXPERIMENTS AND RESULTS 
 
4.1 Preparation of Datasets 
The performance of the proposed feature set was evaluated in 
the National Institute of Standards and Technology (NIST) 
Special database (SD) 4 as well as the Fingerprint Verification 
Competition (FVC) databases. These databases amongst a 
few others are standard databases that serve as benchmarks 
for evaluating fingerprint recognition techniques. The NIST SD 
4 comprises 4000 scans of rolled images of two impressions 
each from 2000 subjects. Since the rolled images have more 
ridges than live scanned fingerprints, the region of interest 
(ROI) utilized in the NIST images in this paper is of size 

 pixels. Grey level features can vary in different 

impressions of the same person’s fingerprint especially in the 
NIST SD 4 database as shown in  
Figure 1. The three fingerprint impressions belong to the same 
person but the first in (a) is dark coloured while the second is 
light. Hence, using grey level values directly could lead to false 
non-match errors in fingerprint matching. Therefore 
normalized pixel values were computed for each fingerprint by 
subtracting a constant value from all pixels within a certain 
range in an image, since darker pixels have less pixel value. 
The image in  
Figure 1 (c) is a normalized version of the image in  

Figure 1 (b).  
 

 
 

Figure 1: Two fingerprints from the same person (a) dark 
coloured impression (NIST image #3_1) (b) light coloured 
impression [NIST image #3_2] (c) normalized image of (b) 

 
The FVC comprises four sub-databases of 800 live scanned 
fingerprints at 8 impressions per subject in each main 
database. Seven databases from FVC 2000, 2002 and 2004 
were used in the experiments. The fingerprint images in the 
FVC 2002 DB2 are not centrally positioned like the most of the 
images in the NIST database; hence, a thresholding technique 
was used to segment the 800 images from the background for 
the experiments.  The ROI used for the FVC 2000 and 2004 
depended on the image size and fingerprint foreground 
coverage. In the experiments carried out with the NIST SD4 
there were 2000 probes and 2000 gallery impressions, hence, 
the FAR, GAR, and FRR were computed for an evaluation 
using 2000 test probes in this case, where each probe had just 
one gallery impression. Experiments were conducted in the 
FVC databases with 400 probes and 400 images in the 
gallery; hence each probe had for multiple (four) gallery 
impressions. The FVC 2004 is a very noisy dataset but the 
whole four sub databases where used to prove that the feature 
set proposed is viable on noisy datasets. 
 

4.2 Results and Discussions 
The receiver operating characteristics (ROC) for the 
experiments conducted in the NIST SD4 and FVC 2000, 2002 
and 2004 databases are shown in  
Figure 2, Figure 3 and Figure 4.  

 

 
Figure 2: ROC for the NIST SD 4 database. 

(a) (b) (c) 
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Figure 3: ROC for the FVC 2000 DB2, 2002 DB1, DB2, DB3 and DB4. 

 
Figure 4: ROC for the FVC 2004 DB1, DB2, DB3 and DB4. 

 
The equal error rate (EER) for the NIST SD4 and for seven 

FVC databases are shown in  

Table 1. The NIST SD 4 is a noisy dataset because some of 
the images have marks made on the fingerprint cards 
scanned-in without cleaning them. Some impressions of some 
subjects are faint while their matching impressions are 
smudged. The performance from  

Figure 2 shows that the proposed technique is viable for 

fingerprint matching. The ROC for the FVC 2000 DB2, 2002 
DB1, DB2, DB3 and DB4 are shown in Figure 3. The results 

are good and FVC 2002 DB4 has the best result. The ROC for 

the FVC 2004 DB1, DB2, DB3 and DB4 are shown in Figure 4. 
Even though the FVC 2004 is known to be noisy dataset, the 

results are good and show that the feature set is distinctive 

and rich for poor quality fingerprint matching. The EER of the 
eight databases are shown in  

Table 1. The FVC 2002 DB4 has the least EER at 3.11%. 
 

Table 1 : EER for seven FVC databases and the NIST SD 4 
 

Database EER (%) Database EER (%) 

FVC 2000 DB2 9.17 
FVC 2004 
DB1 

3.98 

FVC 2002 DB2 14.21 FVC 2004DB2 4.79 

FVC 2002 DB4 3.11 FVC 2004DB3 13.26 

NIST SD 4 28.65 FVC 2004DB4 4.92 

 

4.3 Computational time and resources for the proposed 
technique 
The storage requirement for the feature vector is just 126 
bytes. The time taken to extract the multiple domain features 
and fingerprint matching time are given in  
Table 2 for NIST and FVC fingerprints. The experiments were 
run in MALTAB 2009a on a Windows virtual machine with 
1.5GB RAM of memory.  
 

Table 2: Time for the stages in the proposed fingerprint 
matching technique 

 
Extraction and Matching stages in 

proposed technique 
Duration in MATLAB 

environment 

Extraction of multiple domain features 
for one NIST and FVC fingerprint 

36.9 ms and 76.5 ms 
respectively 

Matching 4000 NIST gallery images 
with one query 

2.56× 10
-4
 seconds 

Time for one NIST fingerprint match. 
6.389 × 10

-8
 seconds = 

0.064 μs 

Matching 800 FVC gallery images with 
one query 

1.3682 × 10
-4
 seconds 

Time for one FVC fingerprint match. 
1.7103 × 10

-7
 seconds = 

0.17 μs 

 
The time taken for a fingerprint match is less than that 
recorded in commercial fingerprint matching algorithms. 
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5. COMPARISON WITH OTHER TECHNIQUES 
 
5.1 Comparison with M-band wavelet transform and 
Discrete packet wavelet transform 
The proposed technique is compared with other published 

non-minutiae based as well as minutiae-based approaches. 
Multiple domain features is compared with M-band wavelet 
transform [14] and Discrete packet wavelet transform [13] in 
Error! Reference source not found..  

 

 
 

Figure 5: ROC of the proposed technique compared with M-band wavelet transform and discrete wavelet packet transform on 
FVC 2004 DB 2. 

 
The proposed technique outperforms the other two. 
Proprietary databases were used in [13] and [14] while the 
FVC 2004 DB1 was used for multiple domain features. 
 
5.2 Comparison with Spectral correspondence, Star 
structure and Grow Fuse  
The EER of the proposed technique is compared with Spectral 
correspondence [29], Star structure [30] and Grow Fuse [31] 
on FVC 2004 DB 2 based on the results of [34]. The proposed 
technique had the least error rate of 4.79%. 

 
 
 

Table 3: EER of the proposed technique compared with [29-
31] on    FVC 2004 DB 2 based on the results of [29]. 

 
Fingerprint matching Technique EER (%)  

Spectral correspondence [29] 9.55 

Star structure [30] 10.55 

Grow Fuse [31] 12.523 

Proposed technique (multiple domain) 4.79 

 
5.3 Comparison with Graphical structures and Dynamic 
time warping  
The proposed feature set is also compared with Graphical 
structures [32] and Dynamic time warping [33] on the FVC 
2002 DB4.  
 
 
 
 
 

Table 4: EER of the proposed technique compared with [32] 
and [33] on FVC 2002 DB 4. 

 

Fingerprint 
matching 
Technique 

Graphical 
structures [32] 

Dynamic 
time warping 
[33] 

Proposed 
technique 
(multiple 
domain) 

EER (%) 4.2 4.6 3.11 

 
Multiple domain features had the least error rate. 
 
5.4. Comparison with Local and global features 
Multiple domain feature set is also compared with Local and 
global features [34] on FVC 2004 DB1,  DB2, DB3 and DB4. 
 
Table 5: EER of the proposed technique compared with [34] 

on FVC 2004 DB1,  DB2, DB3 and DB4. 
 

Fingerprint 
matching 
Technique 

FVC 
2004 DB1 

FVC 
2004 DB2 

FVC 
2004 DB3 

FVC 
2004 DB4 

Local and global 
features [34] 

22.81 18.54 9 17.72 

Proposed method 3.98 4.79 13.26 4.92 

 
The proposed technique had the least equal error rate in three 
FVC databases. 
 

6.  CONCLUSION 
Poor quality fingerprints pose a challenging problem in 
comparing fingerprints for a match especially in large scale 
automated identification fingerprint systems. A non-minutiae 
based feature set derived from multiple domain coefficients is 
proposed for large scale automatic fingerprint matching in this 
paper. The feature set is rich and viable for matching from the 
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results attained in the experiments carried out on the NIST SD 
4 database and FVC sub databases. The fingerprint matching 
technique adopted in this paper is fast such that a fingerprint 
match in the NIST database takes 0.064μs. The proposed 
technique was compared with other existing approaches and 
outperformed them showing that the feature set is beneficial 
for fingerprint matching. 
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